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Preface

Recent advances in digital signal processing algorithms and computer technology have combined to
provide the ability to produce real-time systems that have capabilities far exceeding those of a few years
ago. The writing of this handbook was prompted by a desire to bring together some of the recent
theoretical developments on advanced signal processing, and to provide a glimpse of how modern
technology can be applied to the development of current and next-generation active and passive real-
time systems.

The handbook is intended to serve as an introduction to the principles and applications of advanced
signal processing. It will focus on the development of a generic processing structure that exploits the
great degree of processing concept similarities existing among the radar, sonar, and medical imaging
systems. A high-level view of the above real-time systems consists of a high-speed Signal Processor to
provide mainstream signal processing for detection and initial parameter estimation, a Data Manager
which supports the data and information processing functionality of the system, and a Display Sub-
System through which the system operator can interact with the data structures in the data manager to
make the most effective use of the resources at his command.

The Signal Processor normally incorporates a few fundamental operations. For example, the sonar and
radar signal processors include beamforming, “matched” filtering, data normalization, and image pro-
cessing. The first two processes are used to improve both the signal-to-noise ratio (SNR) and parameter
estimation capability through spatial and temporal processing techniques. Data normalization is required
to map the resulting data into the dynamic range of the display devices in a manner which provides a
CFAR (constant false alarm rate) capability across the analysis cells.

The processing algorithms for spatial and temporal spectral analysis in real-time systems are based on
conventional FFT and vector dot product operations because they are computationally cheaper and more
robust than the modern non-linear high resolution adaptive methods. However, these non-linear algorithms
trade robustness for improved array gain performance. Thus, the challenge is to develop a concept which
allows an appropriate mixture of these algorithms to be implemented in practical real-time systems.

The non-linear processing schemes are adaptive and synthetic aperture beamformers that have been
shown experimentally to provide improvements in array gain for signals embedded in partially correlated
noise fields. Using system image outputs, target tracking, and localization results as performance criteria,
the impact and merits of these techniques are contrasted with those obtained using the conventional
processing schemes. The reported real data results show that the advanced processing schemes provide
improvements in array gain for signals embedded in anisotropic noise fields. However, the same set of
results demonstrates that these processing schemes are not adequate enough to be considered as a
replacement for conventional processing. This restriction adds an additional element in our generic signal
processing structure, in that the conventional and the advanced signal processing schemes should run
in parallel in a real-time system in order to achieve optimum use of the advanced signal processing
schemes of this study.
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The handbook also includes a generic concept for implementing successfully adaptive schemes with
near-instantaneous convergence in 2-dimensional (2-D) and 3-dimensional (3-D) arrays of sensors, such
as planar, circular, cylindrical, and spherical arrays. It will be shown that the basic step is to minimize
the number of degrees of freedom associated with the adaptation process. This step will minimize the
adaptive scheme’s convergence period and achieve near-instantaneous convergence for integrated active
and passive sonar applications. The reported results are part of a major research project, which includes
the definition of a generic signal processing structure that allows the implementation of adaptive and
synthetic aperture signal processing schemes in real-time radar, sonar, and medical tomography (CT,
MRI, ultrasound) systems that have 2-D and 3-D arrays of sensors.

The material in the handbook will bridge a number of related fields: detection and estimation theory;
filter theory (Finite Impulse Response Filters); 1-D, 2-D, and 3-D sensor array processing that includes
conventional, adaptive, synthetic aperture beamforming and imaging; spatial and temporal spectral
analysis; and data normalization. Emphasis will be placed on topics that have been found to be particularly
useful in practice. These are several interrelated topics of interest such as the influence of medium on
array gain system performance, detection and estimation theory, filter theory, space-time processing,
conventional, adaptive processing, and model-based signal processing concepts. Moveover, the system
concept similarities between sonar and ultrasound problems are identified in order to exploit the use of
advanced sonar and model-based signal processing concepts in ultrasound systems.

Furthermore, issues of information post-processing functionality supported by the Data Manager and
the Display units of real-time systems of interest are addressed in the relevant chapters that discuss nor-
malizers, target tracking, target motion analysis, image post-processing, and volume visualization methods.

The presentation of the subject matter has been influenced by the authors’ practical experiences, and
it is hoped that the volume will be useful to scientists and system engineers as a textbook for a graduate
course on sonar, radar, and medical imaging digital signal processing. In particular, a number of chapters
summarize the state-of-the-art application of advanced processing concepts in sonar, radar, and medical
imaging X-ray CT scanners, magnetic resonance imaging, and 2-D and 3-D ultrasound systems. The
focus of these chapters is to point out their applicability, benefits, and potential in the sonar, radar, and
medical environments. Although an all-encompassing general approach to a subject is mathematically
elegant, practical insight and understanding may be sacrificed. To avoid this problem and to keep the
handbook to a reasonable size, only a modest introduction is provided. In consequence, the reader is
expected to be familiar with the basics of linear and sampled systems and the principles of probability
theory. Furthermore, since modern real-time systems entail sampled signals that are digitized at the
sensor level, our signals are assumed to be discrete in time and the subsystems that perform the processing
are assumed to be digital.

It has been a pleasure for me to edit this book and to have the relevant technical exchanges with so many
experts on advanced signal processing. | take this opportunity to thank all authors for their responses to
my invitation to contribute. | am also greatful to CRC Press LLC and in particular to Bob Stern, Helena
Redshaw, Naomi Lynch, and the staff in the production department for their truly professional cooperation.
Finally, the support by the European Commission is acknowledged for awarding Professor Uzunoglu and
myself the Fourier Euroworkshop Grant (HPCF-1999-00034) to organize two workshops that enabled the
contributing authors to refine and coherently integrate the material of their chapters as a handbook on
advanced signal processing for sonar, radar, and medical imaging system applications.

Stergios Stergiopoulos
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1.1 Introduction

Several review articles on sonar,'3- radar,>® and medical imaging®®¢-1* system technologies have provided
a detailed description of the mainstream signal processing functions along with their associated imple-
mentation considerations. The attempt of this handbook is to extend the scope of these articles by
introducing an implementation effort of non-mainstream processing schemes in real-time systems. To
a large degree, work in the area of sonar and radar system technology has traditionally been funded either
directly or indirectly by governments and military agencies in an attempt to improve the capability of
anti-submarine warfare (ASW) sonar and radar systems. A secondary aim of this handbook is to promote,
where possible, wider dissemination of this military-inspired research.

1.2 Overview of a Real-Time System

In order to provide a context for the material contained in this handbook, it would seem appropriate to
briefly review the basic requirements of a high-performance real-time system. Figure 1.1 shows one possible
high-level view of a generic system.!® It consists of an array of sensors and/or sources; a high-speed signal
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FIGURE 1.1 Overview of a generic real-time system. It consists of an array of transducers, a signal processor to
provide mainstream signal processing for detection and initial parameter estimation; a data manager, which supports
the data, information processing functionality, and data fusion; and a display sub-system through which the system
operator can interact with the manager to make the most effective use of the information available at his command.

processor to provide mainstream signal processing for detection and initial parameter estimation; a data
manager, which supports the data and information processing functionality of the system; and a display
sub-system through which the system operator can interact with the data structures in the data manager
to make the most effective use of the resources at his command.

In this handbook, we will be limiting our attention to the signal processor, the data manager, and display
sub-system, which consist of the algorithms and the processing architectures required for their imple-
mentation. Arrays of sources and sensors include devices of varying degrees of complexity that illuminate
the medium of interest and sense the existence of signals of interest. These devices are arrays of transducers
having cylindrical, spherical, planar, or linear geometric configurations, depending on the application of
interest. Quantitative estimates of the various benefits that result from the deployment of arrays of
transducers are obtained by the array gain term, which will be discussed in Chapters 6, 10, and 11. Sensor
array design concepts, however, are beyond the scope of this handbook and readers interested in trans-
ducers can refer to other publications on the topic.16-19

The signal processor is probably the single, most important component of a real-time system of interest
for this handbook. In order to satisfy the basic requirements, the processor normally incorporates the
following fundamental operations:

+ Multi-dimensional beamforming

+ Matched filtering

+ Temporal and spatial spectral analysis

» Tomography image reconstruction processing
* Multi-dimensional image processing

The first three processes are used to improve both the signal-to-noise ratio (SNR) and parameter
estimation capability through spatial and the temporal processing techniques. The next two operations
are image reconstruction and processing schemes associated mainly with image processing applications.
As indicated in Figure 1.1, the replacement of the existing signal processor with a new signal processor,
which would include advanced processing schemes, could lead to improved performance functionality
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of a real-time system of interest, while the associated development cost could be significantly lower than
using other hardware (H/W) alternatives. In a sense, this statement highlights the future trends of state-
of-the-art investigations on advanced real-time signal processing functionalities that are the subject of
the handbook.

Furthemore, post-processing of the information provided by the previous operations includes mainly
the following:

« Signal tracking and target motion analysis
+ Image post-processing and data fusion

+ Data normalization

* OR-ing

These operations form the functionality of the data manager of sonar and radar systems. However,
identification of the processing concept similarities between sonar, radar, and medical imaging systems
may be valuable in identifying the implementation of these operations in other medical imaging system
applications. In particular, the operation of data normalization in sonar and radar systems is required
to map the resulting data into the dynamic range of the display devices in a manner which provides a
constant false alarm rate (CFAR) capability across the analysis cells. The same operation, however, is
required in the display functionality of medical ultrasound imaging systems as well.

In what follows, each sub-system, shown in Figure 1.1, is examined briefly by associating the
evolution of its functionality and characteristics with the corresponding signal processing technolog-
ical developments.

1.3 Signal Processor

The implementation of signal processing concepts in real-time systems is heavily dependent on the
computing architecture characteristics, and, therefore, it is limited by the progress made in this field.
While the mathematical foundations of the signal processing algorithms have been known for many
years, it was the introduction of the microprocessor and high-speed multiplier-accumulator devices in
the early 1970s which heralded the turning point in the development of digital systems. The first systems
were primarily fixed-point machines with limited dynamic range and, hence, were constrained to use
conventional beamforming and filtering techniques.*** As floating-point central processing units (CPUs)
and supporting memory devices were introduced in the mid to late 1970s, multi-processor digital systems
and modern signal processing algorithms could be considered for implementation in real-time systems.
This major breakthrough expanded in the 1980s into massively parallel architectures supporting multi-
sensor requirements.

The limitations associated with these massively parallel architectures became evident by the fact that
they allow only fast-Fourier-transform (FFT), vector-based processing schemes because of efficient imple-
mentation and of their very cost-effective throughput characteristics. Thus, non-conventional schemes
(i.e., adaptive, synthetic aperture, and high-resolution processing) could not be implemented in these
types of real-time systems of interest, even though their theoretical and experimental developments
suggest that they have advantages over existing conventional processing approaches.231520-25 |t js widely
believed that these advantages can address the requirements associated with the difficult operational
problems that next generation real-time sonar, radar, and medical imaging systems will have to solve.

New scalable computing architectures, however, which support both scalar and vector operations
satisfying high input/output bandwidth requirements of large multi-sensor systems, are becoming avail-
able.’®> Recent frequent announcements include successful developments of super-scalar and massively
parallel signal processing computers that have throughput capabilities of hundred of billions of floating-
point operations per second (GFLOPS).% This resulted in a resurgence of interest in algorithm develop-
ment of new covariance-based, high-resolution, adaptive!>2-2225 and synthetic aperture beamforming
algorithms,’>2 and time-frequency analysis techniques.?
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Chapters 2, 3, 6, and 11 discuss in some detail the recent developments in adaptive, high-resolution,
and synthetic aperture array signal processing and their advantages for real-time system applications. In
particular, Chapter 2 reviews the basic issues involved in the study of adaptive systems for signal pro-
cessing. The virtues of this approach to statistical signal processing may be summarized as follows:

* The use of an adaptive filtering algorithm, which enables the system to adjust its free parameters
(in a supervised or unsupervised manner) in accordance with the underlying statistics of the
environment in which the system operates, hence, avoiding the need for determining the statistical
characteristics of the environment

* Tracking capability, which permits the system to follow statistical variations (i.e., non-stationarity)
of the environment

+ The availability of many different adaptive filtering algorithms, both linear and non-linear, which
can be used to deal with a wide variety of signal processing applications in radar, sonar, and
biomedical imaging

+ Digital implementation of the adaptive filtering algorithms, which can be carried out in hardware
or software form

In many cases, however, special attention is required for non-linear, non-Gaussian signal processing
applications. Chapter 3 addresses this topic by introducing a Gaussian mixture approach as a model in
such problems where data can be viewed as arising from two or more populations mixed in varying
proportions. Using the Gaussian mixture formulation, problems are treated from a global viewpoint that
readily yields and unifies previous, seemingly unrelated results. Chapter 3 introduces novel signal pro-
cessing techniques applied in applications problems, such as target tracking in polar coordinates and
interference rejection in impulsive channels. In other cases these advanced algorithms, introduced in
Chapters 2 and 3, trade robustness for improved performance.t>22 Furthermore, the improvements
achieved are generally not uniform across all signal and noise environments of operational scenarios.
The challenge is to develop a concept which allows an appropriate mixture of these algorithms to be
implemented in practical real-time systems. The advent of new adaptive processing techniques is only
the first step in the utilization of a priori information as well as more detailed information for the mediums
of the propagating signals of interest. Of particular interest is the rapidly growing field of matched field
processing (MFP).% The use of linear models will also be challenged by techniques that utilize higher
order statistics,?* neural networks,?” fuzzy systems,?® chaos, and other non-linear approaches. Although
these concerns have been discussed? in a special issue of the IEEE Journal of Oceanic Engineering devoted
to sonar system technology, it should be noted that a detailed examination of MFP can be found also in
the July 1993 issue of this journal which has been devoted to detection and estimation of MFP.2

The discussion in Chapter 4 focuses on the class of problems for which there is some information
about the signal propagation model. From the basic formalism of blind system identification process,
signal processing methods are derived that can be used to determine the unknown parameters of the
medium transfer function and to demonstrate its performance for estimating the source location and
the environmental parameters of a shallow water waveguide. Moreover, the system concept similarities
between sonar and ultrasound systems are analyzed in order to exploit the use of model-based sonar
signal processing concepts in ultrasound problems.

The discussion on model-based signal processing is extended in Chapter 5 to determine the most
appropriate signal processing approaches for measurements that are contaminated with noise and under-
lying uncertainties. In general, if the SNR of the measurements is high, then simple non-physical tech-
nigues such as Fourier transform-based temporal and spatial processing schemes can be used to extract
the desired information. However, if the SNR is extremely low and/or the propagation medium is
uncertain, then more of the underlying propagation physics must be incorporated somehow into the
processor to extract the information. These are issues that are discussed in Chapter 5, which introduces
a generic development of model-based processing schemes and then concentrates specifically on those
designed for sonar system applications.
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Thus, Chapters 2, 3, 4, 5, 6, and 11 address a major issue: the implementation of advanced processing
schemes in real-time systems of interest. The starting point will be to identify the signal processing concept
similarities among radar, sonar, and medical imaging systems by defining a generic signal processing
structure integrating the processing functionalities of the real-time systems of interest. The definition of a
generic signal processing structure for a variety of systems will address the above continuing interest that
is supported by the fact that synthetic aperture and adaptive processing techniques provide new gain.?152021.23
This kind of improvement in array gain is equivalent to improvements in system performance.

In general, improvements in system performance or array gain improvements are required when the
noise environment of an operational system is non-isotropic, such as the noise environment of (1)
atmospheric noise or clutter (radar applications), (2) cluttered coastal waters and areas with high shipping
density in which sonar systems operate (sonar applications), and (3) the complexity of the human body
(medical imaging applications). An alternative approach to improve the array gain of a real-time system
requires the deployment of very large aperture arrays, which leads to technical and operational implica-
tions. Thus, the implementation of non-conventional signal processing schemes in operational systems
will minimize very costly H/W requirements associated with array gain improvements.

Figure 1.2 shows the configuration of a generic signal processing scheme integrating the functionality
of radar, sonar, ultrasound, medical tomography CT/X-ray, and magnetic resonance imaging (MRI)
systems. There are five major and distinct processing blocks in the generic structure. Moreover, recon-
figuration of the different processing blocks of Figure 1.2 allows the application of the proposed concepts
to a variety of active or passive digital signal processing (DSP) systems.

The first point of the generic processing flow configuration is that its implementation is in the
frequency domain. The second point is that with proper selection of filtering weights and careful data
partitioning, the frequency domain outputs of conventional or advanced processing schemes can be made
equivalent to the FFT of the broadband outputs. This equivalence corresponds to implementing finite
impulse response (FIR) filters via circular convolution with the FFT, and it allows spatial-temporal
processing of narrowband and broadband types of signals,>'>% as defined in Chapter 6. Thus, each
processing block in the generic DSP structure provides continuous time series; this is the central point
of the implementation concept that allows the integration of quite diverse processing schemes, such as
those shown in Figure 1.2.

More specifically, the details of the generic processing flow of Figure 1.2 are discussed very briefly in
the following sections.

1.3.1 Signal Conditioning of Array Sensor Time Series

The block titled Signal Conditioning for Array Sensor Time Series in Figure 1.2 includes the partitioning of
the time series from the receiving sensor array, their initial spectral FFT, the selection of the signal’s frequency
band of interest via bandpass FIR filters, and downsampling. The output of this block provides continuous
time series at a reduced sampling rate for improved temporal spectral resolution. In many system applica-
tions including moving arrays of sensors, array shape estimation or the sensor coordinates would be required
to be integrated with the signal processing functionality of the system, as shown in this block.

Typical system requirements of this kind are towed array sonars,'® which are discussed in Chapters 6,
10, and 11; CT/X-ray tomography systems,®8 which are analyzed in Chapters 15 and 16; and ultrasound
imaging systems deploying long line or planar arrays,®-1° which are discussed in Chapters 6, 7, 13, and 14.

The processing details of this block will be illustrated in schematic diagrams in Chapter 6. The FIR band
selection processing of this block is typical in all the real-time systems of interest. As a result, its output can
be provided as input to the blocks named Sonar, Radar & Ultrasound Systems or Tomography Imaging Systems.

1.3.2 Tomography Imaging CT/X-Ray and MRI Systems

The block at the right-hand side of Figure 1.2, which is titled Tomography Imaging Systems, includes image
reconstruction algorithms for medical imaging CT/X-ray and MRI systems. The processing details of these
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FIGURE 1.2 A generic signal processing structure integrating the signal processing functionalities of sonar, radar,
ultrasound, CT/X-ray, and MRI medical imaging systems.

algorithms will be discussed in Chapters 15 through 17. In general, image reconstruction algorithmss711-13
are distinct processing schemes, and their implementation is practically efficient in CT and MRI applications.
However, tomography imaging and the associated image reconstruction algorithms can be applied in other
system applications such as diffraction tomography using ultrasound sources?® and acoustic tomography of
the ground using various acoustic frequency regimes. Diffraction tomography is not practical for medical
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imaging applications because of the very poor image resolution and the very high absorption rate of the
acoustic energy by the bone structure of the human body. In geophysical applications, however, seismic
waves can be used in tomographic imaging procedures to detect and classify very large buried objects. On
the other hand, in working with higher acoustic frequencies, a better image resolution would allow detection
and classification of small, shallow buried objects such as anti-personnel land mines,** which is a major
humanitarian issue that has attracted the interest of U.N. and the highly industrialized countries in North
America and Europe. The rule of thumb in acoustic tomography imaging applications is that higher
frequency regimes in radiated acoustic energy would provide better image resolution at the expense of
higher absorption rates for the radiated energy penetrating the medium of interest. All these issues and the
relevant industrial applications of computed tomography imaging are discussed in Chapter 15.

1.3.3 Sonar, Radar, and Ultrasound Systems

The underlying signal processing functionality in sonar, radar, and modern ultrasound imaging systems
deploying linear, planar, cylindrical, or spherical arrays is beamforming. Thus, the block in Figure 1.2
titled Sonar, Radar & Ultrasound Systems includes such sub-blocks as FIR Filter/Conventional Beamform-
ing and FIR Filter/Adaptive & Synthetic Aperture Beamforming for multi-dimensional arrays with linear,
planar, circular, cylindrical, and spherical geometric configurations. The output of this block provides
continuous, directional beam time series by using the FIR implementation scheme of the spatial filtering
via circular convolution. The segmentation and overlap of the time series at the input of the beamformers
take care of the wraparound errors that arise in fast-convolution signal processing operations. The overlap
size is equal to the effective FIR filter’s length.1>30 Chapter 6 will discuss in detail the conventional,
adaptive, and sythetic aperture beamformers that can be implemented in this block of the generic
processing structure in Figure 1.2. Moreover, Chapters 6 and 11 provide some real data output results
from sonar systems deploying linear or cylindrical arrays.

1.3.4 Active and Passive Systems

The blocks named Passive and Active in the generic structure of Figure 1.2 are the last major processes
that are included in most of the DSP systems. Inputs to these blocks are continuous beam time series,
which are the outputs of the conventional and advanced beamformers of the previous block. However,
continuous sensor time series from the first block titled Signal Conditioning for Array Sensor Time
Series can be provided as the input of the Active and Passive blocks for temporal spectral analysis.
The block titled Active includes a Matched Filter sub-block for the processing of active signals. The
option here is to include the medium’s propagation characteristics in the replica of the active signal
considered in the matched filter in order to improve detection and gain.*>% The sub-blocks Ver-
nier/Band Formation, NB (Narrowband) Analysis, and BB (Broadband) Analysis include the final
processing steps of a temporal spectral analysis for the beam time series. The inclusion of the Vernier
sub-block is to allow the option for improved frequency resolution. Chapter 11 discusses the signal
processing functionality and system-oriented applications associated with active and passive sonars.
Furthermore, Chapter 13 extends the discussion to address the signal processing issues relevant with
ultrasound medical imaging systems.

In summary, the strength of the generic processing structure in Figure 1.2 is that it identifies and
exploits the processing concept similarities among radar, sonar, and medical imaging systems. Moreover,
it enables the implementation of non-linear signal processing methods, adaptive and synthetic aperture,
as well as the equivalent conventional approaches. This kind of parallel functionality for conventional
and advanced processing schemes allows for a very cost-effective evaluation of any type of improvement
during the concept demonstration phase.

As stated above, the derivation of the effective filter length of an FIR adaptive and synthetic aperture
filtering operation is very essential for any type of application that will allow simultaneous NB and BB
signal processing. This is a non-trivial problem because of the dynamic characteristics of the adaptive
algorithms, and it has not as yet been addressed.
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In the past, attempts to implement matrix-based signal processing methods such as adaptive processing
were based on the development of systolic array H/W because systolic arrays allow large amounts of
parallel computation to be performed efficiently since communications occur locally. Unfortunately,
systolic arrays have been much less successful in practice than in theory. Systolic arrays big enough for
real problems cannot fit on one board, much less on one chip, and interconnects have problems. A two-
dimensional (2-D) systolic array implementation will be even more difficult. Recent announcements,
however, include successful developments of super-scalar and massively parallel signal processing com-
puters that have throughput capabilities of hundred of billions of GFLOPS. It is anticipated that these
recent computing architecture developments would address the computationally intensive scalar and
matrix-based operations of advanced signal processing schemes for next-generation real-time systems.

Finally, the block Data Manager in Figure 1.2 includes the display system, normalizers, target motion
analysis, image post-processing, and OR-ing operations to map the output results into the dynamic range
of the display devices. This will be discussed in the next section.

1.4 Data Manager and Display Sub-System

Processed data at the output of the mainstream signal processing system must be stored in a temporary
database before they are presented to the system operator for analysis. Until very recently, owing to the
physical size and cost associated with constructing large databases, the data manager played a relatively
small role in the overall capability of the aforementioned systems. However, with the dramatic drop in
the cost of solid-state memories and the introduction of powerful microprocessors in the 1980s, the role
of the data manager has now been expanded to incorporate post-processing of the signal processor’s
output data. Thus, post-processing operations, in addition to the traditional display data management
functions, may include

* For sonar and radar systems
+ Normalization and OR-ing
+ Signal tracking
+ Localization
+ Data fusion
+ Classification functionality
+ For medical imaging systems
+ Image post-processing
» Normalizing operations
* Registration and image fusion

It is apparent from the above discussion that for a next-generation DSP system, emphasis should be
placed on the degree of interaction between the operator and the system through an operator-machine
interface (OMI), as shown schematically in Figure 1.1. Through this interface, the operator may selectively
proceed with localization, tracking, diagnosis, and classification tasks.

A high-level view of the generic requirements and the associated technologies of the data manager
of a next-generation DSP system reflecting the above concerns could be as shown in Figure 1.3. The
central point of Figure 1.3 is the operator that controls two kinds of displays (the processed information
and tactical displays) through a continuous interrogation procedure. In response to the operator’s
request, the units in the data manager and display sub-system have a continuous interaction including
data flow and requests for processing that include localization, tracking, classification for sonar-radar
systems (Chapters 8 and 9), and diagnostic images for medical imaging systems (Chapter 7). Even
though the processing steps of radar and airborne systems associated with localization, tracking, and
classification have conceptual similarities with those of a sonar system, the processing techniques that
have been successfully applied in airborne systems have not been successful with sonar systems. This
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FIGURE 1.3 Schematic diagram for the generic requirements of a data manager for a next-generation, real-time
DSP system.

is a typical situation that indicates how hostile, in terms of signal propagation characteristics, the
underwater environment is with respect to the atmospheric environment. However, technologies
associated with data fusion, neural networks, knowledge-based systems, and automated parameter esti-
mation will provide solutions to the very difficult operational sonar problem regarding localization,
tracking, and classification. These issues are discussed in detail in Chapters 8 and 9. In particular,
Chapter 8 focuses on target tracking and sensor data processing for active sensors. Although active
sensors certainly have an advantage over passive sensors, nevertheless, passive sensors may be prereq-
uisite to some tracking solution concepts, namely, passive sonar systems. Thus, Chapter 9 deals with
a class of tracking problems for passive sensors only.

1.4.1 Post-Processing for Sonar and Radar Systems

To provide a better understanding of these differences, let us examine the levels of information required
by the data management of sonar and radar systems. Normally, for sonar and radar systems, the processing
and integration of information from sensor level to a command and control level include a few distinct
processing steps. Figure 1.4 shows a simplified overview of the integration of four different levels of
information for a sonar or radar system. These levels consist mainly of

* Navigation and non-sensor array data

» Environmental information and estimation of propagation characteristics in order to assess the
medium’s influence on sonar or radar system performance

Signal processing of received sensor signals that provide parameter estimation in terms of bearing,
range, and temporal spectral estimates for detected signals

Signal following (tracking) and localization that monitors the time evolution of a detected signal’s
estimated parameters
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FIGURE 1.4 A simplified overview of integration of different levels of information from the sensor level to a
command and control level for a sonar or radar system. These levels consist mainly of (1) navigation; (2) environ-
mental information to access the medium’s influence on sonar or radar system performance; (3) signal processing
of received array sensor signals that provides parameter estimation in terms of bearing, range, and temporal spectral
estimates for detected signals; and (4) signal following (tracking) and localization of detected targets. (Reprinted by

permission of IEEE ©1998.)
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This last tracking and localization capability®22 allows the sonar or radar operator to rapidly assess the data
from a multi-sensor system and carry out the processing required to develop an array sensor-based tactical
picture for integration into the platform level command and control system, as shown later by Figure 1.9.

In order to allow the databases to be searched effectively, a high-performance OMI is required. These
interfaces are beginning to draw heavily on modern workstation technology through the use of windows,
on-screen menus, etc. Large, flat panel displays driven by graphic engines which are equally adept at pixel
manipulation as they are with 3-D object manipulation will be critical components in future systems. It
should be evident by now that the term data manager describes a level of functionality which is well
beyond simple data management. The data manager facility applies technologies ranging from relational
databases, neural networks,?® and fuzzy systems?’ to expert systems.’>?¢ The problems it addresses can
be variously characterized as signal, data, or information processing.

1.4.2 Post-Processing for Medical Imaging Systems

Let us examine the different levels of information to be integrated by the data manager of a medical
imaging system. Figure 1.5 provides a simplified overview of the levels of information to be integrated
by a current medical imaging system. These levels include

* The system structure in terms of array-sensor configuration and computing architecture
+ Sensor time series signal processing structure

+ Image processing structure

* Post-processing for reconstructed image to assist medical diagnosis

In general, current medical imaging systems include very limited post-processing functionality to
enhance the images that may result from mainstream image reconstruction processing. It is anticipated,
however, that next-generation medical imaging systems will enhance their capabilities in post-processing
functionality by including image post-processing algorithms that are discussed in Chapters 7 and 14.

More specifically, although modern medical imaging modalities such as CT, MRA, MRI, nuclear
medicine, 3-D ultrasound, and laser con-focal microscopy provide “slices of the body,” significant dif-
ferences exist between the image content of each modality. Post-processing, in this case, is essential with
special emphasis on data structures, segmentation, and surface- and volume-based rendering for visual-
izing volumetric data. To address these issues, the first part of Chapter 7 focuses less on explaining
algorithms and rendering techniques, but rather points out their applicability, benefits, and potential in
the medical environment. Moreover, in the second part of Chapter 7, applications are illustrated from
the areas of craniofacial surgery, traumatology, neurosurgery, radiotherapy, and medical education.
Furthermore, some new applications of volumetric methods are presented: 3-D ultrasound, laser con-
focal data sets, and 3D-reconstruction of cardiological data sets, i.e., vessels as well as ventricles. These
new volumetric methods are currently under development, but due to their enormous application
potential they are expected to be clinically accepted within the next few years.

As an example, Figures 1.6 and 1.7 present the results of image enhancement by means of post-
processing on images that have been acquired by current CT/X-ray and ultrasound systems. The left-
hand-side image of Figure 1.6 shows a typical X-ray image of a human skull provided by a current type
of CT/X-ray imaging system. The right-hand-side image of Figure 1.6 is the result of post-processing the
original X-ray image. It is apparent from these results that the right-hand-side image includes imaging
details that can be valuable to medical staff in minimizing diagnostic errors and interpreting image results.
Moreover, this kind of post-processing image functionality may assist in cognitive operations associated
with medical diagnostic applications.

Ultrasound medical imaging systems are characterized by poor image resolution capabilities. The three
images in Figure 1.7 (top left and right images, bottom left-hand-side image) provide pictures of the skull
of a fetus as provided by a conventional ultrasound imaging system. The bottom right-hand-side image of
Figure 1.7 presents the resulting 3-D post-processed image by applying the processing algorithms discussed
in Chapter 7. The 3-D features and characteristics of the skull of the fetus are very pronounced in this case,

©2001 CRC PressLLC



\'\“. ORI O

CATTRTT. Sutvat Tume Satan traoang,
Oraan Watnn

\ IR RN N
Nt T WERE N

— . s e . . . . . . .

A
TNy, WL VW TR
PROTEWWOR, MBARCSC BURASCETEN

Wi RN
PROCERNOR,

FIGURE 1.5 A simplified overview of the integration of different levels of information from the sensor level to a
command and control level for a medical imaging system. These levels consist mainly of (1) sensor array configuration,
(2) computing architecture, (3) signal processing structure, and (4) reconstructed image to assist medical diagnosis.
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FIGURE 1.6 The left-hand-side is an X-ray image of a human skull. The right-hand-side image is the result of
image enhancement by means of post-processing the original X-ray image. (Courtesy of Prof. G. Sakas, Fraunhofer
IDG, Durmstadt, Germany.)

FIGURE 1.7 The two top images and the bottom left-hand-side image provide details of a fetus’ skull using
convetional medical ultrasound systems. The bottom right-hand-side 3-D image is the result of image enhancement
by means of post-processing the original three ultrasound images. (Courtesy of Prof. G. Sakas, Fraunhofer IDG,
Durmstadt, Germany.)
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although the clarity is not as good as in the case of the CT/X-ray image in Figure 1.6. Nevertheless, the
image resolution characteristics and 3-D features that have been reconstructed in both cases, shown in
Figures 1.6 and 1.7, provide an example of the potential improvements in the image resolution and cognitive
functionality that can be integrated in the next-generation medical imaging systems.

Needless to say, the image post-processing functionality of medical imaging systems is directly appli-
cable in sonar and radar applications to reconstruct 2-D and 3-D image details of detected targets. This
kind of image reconstruction post-processing capability may improve the difficult classification tasks of
sonar and radar systems.

At this point, it is also important to re-emphasize the significant differences existing between the image
content and system functionality of the various medical imaging systems mainly in terms of sensor-array
configuration and signal processing structures. Undoubtedly, a generic approach exploiting the concep-
tually similar processing functionalities among the various configurations of medical imaging systems
will simplify OMI issues that would result in better interpretation of information of diagnostic impor-
tance. Moreover, the integration of data fusion functionality in the data manager of medical imaging
systems will provide better diagnostic interpretation of the information inherent at the output of the
medical imaging systems by minimizing human errors in terms of interpretation.

Although these issues may appear as exercises of academic interest, it becomes apparent from the
above discussion that system advances made in the field of sonar and radar systems may be applicable
in medical imaging applications as well.

1.4.3 Signal and Target Tracking and Target Motion Analysis

In sonar, radar, and imaging system applications, single sensors or sensor networks are used to collect
information on time-varying signal parameters of interest. The individual output data produced by the
sensor systems result from complex estimation procedures carried out by the signal processor introduced in
Section 1.3 (sensor signal processing). Provided the quantities of interest are related to moving point-source
objects or small extended objects (radar targets, for instance), relatively simple statistical models can often
be derived from basic physical laws, which describe their temporal behavior and thus define the underlying
dynamical system. The formulation of adequate dynamics models, however, may be a difficult task in certain
applications. For an efficient exploitation of the sensor resources as well as to obtain information not directly
provided by the individual sensor reports, appropriate data association and estimation algorithms are
required (sensor data processing). These techniques result in tracks, i.e., estimates of state trajectories, which
statistically represent the quantities or objects considered along with their temporal history. Tracks are
initiated, confirmed, maintained, stored, evaluated, fused with other tracks, and displayed by the tracking
system or data manager. The tracking system, however, should be carefully distinguished from the underlying
sensor systems, though there may exist close interrelations, such as in the case of multiple target tracking
with an agile-beam radar, increasing the complexity of sensor management.

In contrast to the target tracking via active sensors, discussed in Chapter 8, Chapter 9 deals with a
class of tracking problems that use passive sensors only. In solving tracking problems, active sensors
certainly have an advantage over passive sensors. Nevertheless, passive sensors may be a prerequisite to
some tracking solution concepts. This is the case, e.g., whenever active sensors are not feasible from a
technical or tactical point of view, as in the case of passive sonar systems deployed by submarines and
surveillance naval vessels. An important problem in passive target tracking is the target motion analysis
(TMA) problem. The term TMA is normally used for the process of estimating the state of a radiating
target from noisy measurements collected by a single passive observer. Typical applications can be found
in passive sonar, infrared (IR), or radar tracking systems.

For signal followers, the parameter estimation process for tracking the bearing and frequency of detected
signals consists of peak picking in a region of bearing and frequency space sketched by fixed gate sizes at
the outputs of the conventional and non-conventional beamformers depicted in Figure 1.2. Figure 1.8
provides a schematic interpretation of the signal followers functionality in tracking the time-varying
frequency and bearing estimates of detected signals in sonar and radar applications. Details about this
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FIGURE 1.8 Signal following functionality in tracking the time-varying frequency and bearing of a detected signal

(target) by a sonar or radar system. (Courtesy of William Cambell, Defence Research Establishment Atlantic, Dart-
mouth, NS, Canada.)

estimation process can be found in Reference 34 and in Chapters 8 and 9 of this handbook. Briefly, in Figure
1.8, the choice of the gate sizes was based on the observed bearing and frequency fluctuations of a detected
signal of interest during the experiments. Parabolic interpolation was used to provide refined bearing
estimates.® For this investigation, the bearings-only tracking process described in Reference 34 was used as
an NB tracker, providing unsmoothed time evolution of the bearing estimates to the localization process.?2%

Tracking of the time-varying bearing estimates of Figure 1.8 forms the basic processing step to localize
a distant target associated with the bearing estimates. This process is called localization or TMA, which
is discussed in Chapter 9. The output results of a TMA process form the tactical display of a sonar or
radar system, as shown in Figures 1.4 and 1.8. In addition, the temporal-spatial spectral analysis output
results and the associated display (Figures 1.4 and 1.8) form the basis for classification and the target
identification process for sonar and radar systems. In particular, data fusion of the TMA output results
with those of temporal-spatial spectral analysis output results outline an integration process to define
the tactical picture for sonar and radar operations, as shown in Figure 1.9. For more details, the reader
is referred to Chapters 8 and 9, which provide detailed discussions of target tracking and TMA operations
for sonar and radar systems,32-%

It is apparent from the material presented in this section that for next-generation sonar and radar
systems, emphasis should be placed on the degree of interaction between the operator and the system,
through an OMI as shown schematically in Figures 1.1 and 1.3. Through this interface, the operator may
selectively proceed with localization, tracking, and classification tasks, as depicted in Figure 1.7.

In standard computed tomography (CT), image reconstruction is performed using projection data that
are acquired in a time sequential manner.®” Organ motion (cardiac motion, blood flow, lung motion due
to respiration, patient’s restlessness, etc.) during data acquisition produces artifacts, which appear as a
blurring effect in the reconstructed image and may lead to inaccurate diagnosis.!* The intuitive solution
to this problem is to speed up the data acquisition process so that the motion effects become negligible.
However, faster CT scanners tend to be significantly more costly, and, with current X-ray tube technology,
the scan times that are required are simply not realizable. Therefore, signal processing algorithms to account
for organ motion artifacts are needed. Several mathematical techniques have been proposed as a solution
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FIGURE 1.9 Formation of a tactical picture for sonar and radar systems. The basic operation is to integrate by
means of data fusion the signal tracking and localization functionality with the temporal-spatial spectral analysis
output results of the generic signal processing structure of Figure 1.2. (Courtesy of Dr. William Roger, Defence
Research Establishment Atlantic, Dartmouth, NS, Canada.)

to this problem. These techniques usually assume a simplistic linear model for the motion, such as
translational, rotational, or linear expansion.* Some techniques model the motion as a periodic sequence
and take projections at a particular point in the motion cycle to achieve the effect of scanning a stationary
object. This is known as a retrospective electrocardiogram (ECG)-gating algorithm, and projection data
are acquired during 12 to 15 continuous 1-s source rotations while cardiac activity is recorded with an
ECG. Thus, the integration of ECG devices with X-ray CT medical tomography imaging systems becomes
a necessity in cardiac imaging applications using X-ray CT and MRI systems. However, the information
provided by the ECG devices to select in-phase segments of CT projection data can be available by signal
trackers that can be applied on the sensor time series of the CT receiving array. This kind of application
of signal trackers on CT sensor time series will identify the in-phase motion cycles of the heart under a
similar configuration as the ECG-gating procedure. Moreover, the application of the signal trackers in
cardiac CT imaging systems will eliminate the use of the ECG systems, thus making the medical imaging
operations much simpler. These issues will be discussed in some detail in Chapter 16.

It is anticipated, however, that radar, sonar, and medical imaging systems will exhibit fundamental
differences in their requirements for information post-processing functionality. Furthermore, bridging
conceptually similar processing requirements may not always be an optimum approach in addressing
practical DSP implementation issues; rather it should be viewed as a source of inspiration for the
researchers in their search for creative solutions.

In summary, past experience in DSP system development that “improving the signal processor of a
sonar or radar or medical imaging system was synonymous with the development of new signal processing
algorithms and faster hardware” has changed. While advances will continue to be made in these areas,
future developments in data (contact) management represent one of the most exciting avenues of research
in the development of high-performance systems.
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In sonar, radar, and medical imaging systems, an issue of practical importance is the operational
requirement by the operator to be able to rapidly assess numerous images and detected signals in terms
of localization, tracking, classification, and diagnostic interpretation in order to pass the necessary
information up through the chain of command to enable tactical or medical diagnostic decisions to be
made in a timely manner. Thus, an assigned task for a data manager would be to provide the operator
with quick and easy access to both the output of the signal processor, which is called processed data display,
and the tactical display, which will show medical images and localization and tracking information
through graphical interaction between the processed data and tactical displays.

1.4.4 Engineering Databases

The design and integration of engineering databases in the functionality of a data manager assist the
identification and classification process, as shown schematically in Figure 1.3. To illustrate the concept
of an engineering database, we will consider the land mine identification process, which is a highly
essential functionality in humanitarian demining systems to minimize the false alarm rate. Although
a lot of information on land mines exists, often organized in electronic databases, there is nothing
like a CAD engineering database. Indeed, most databases serve either documentation purposes or
are land mine signatures related to a particular sensor technology. This wealth of information must
be collected and organized in such a way so that it can be used online, through the necessary interfaces
to the sensorial information, by each one of the future identification systems. Thus, an engineering
database is intended to be the common core software applied to all future land mine detection
systems.*! It could be built around a specially engineered database storing all available information
on land mines. The underlying idea is, using techniques of cognitive and perceptual sciences, to
extract the particular features that characterize a particular mine or a class of mines and, successively,
to define the sensorial information needed to detect these features in typical environments. Such a
land mine identification system would not only trigger an alarm for every suspect object, but would
also reconstruct a comprehensive model of the target. Successively, it would compare the model to
an existing land mine engineering database deciding or assisting the operator to make a decision as
to the nature of the detected object.

A general approach of the engineering database concept and its applicability in the aforementioned
DSP systems would assume that an effective engineering database will be a function of the available
information on the subjects of interest, such as underwater targets, radar targets, and medical diagnostic
images. Moreover, the functionality of an engineering database would be highly linked with the multi-
sensor data fusion process, which is the subject of discussion in the next section.

1.4.5 Multi-Sensor Data Fusion

Data fusion refers to the acquisition, processing, and synergistic combination of information from various
knowledge sources and sensors to provide a better understanding of the situation under consideration.3
Classification is an information processing task in which specific entities are mapped to general categories.
For example, in the detection of land mines, the fusion of acoustic,** electromagnetic (EM), and IR sensor
data is in consideration to provide a better land mine field picture and minimize the false alarm rates.
The discussion of this section has been largely influenced by the work of Kundur and Hatzinakos*® on
“Blind Image Deconvolution” (for more details the reader is referred to Reference 39).

The process of multi-sensor data fusion addresses the issue of system integration of different type of
sensors and the problems inherent in attempting to fuse and integrate the resulting data streams into a
coherent picture of operational importance. The term integration is used here to describe operations
wherein a sensor input may be used independently with respect to other sensor data in structuring an
overall solution. Fusion is used to describe the result of joint analysis of two or more originally distinct
data streams.
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More specifically, while multi-sensors are more likely to correctly identify positive targets and eliminate
false returns, using them effectively will require fusing the incoming data streams, each of which may
have a different character. This task will require solutions to the following engineering problems:

+ Correct combination of the multiple data streams in the same context
* Processing multiple signals to eliminate false positives and further refine positive returns

For example, in humanitarian demining, a positive return from a simple metal detector might be
combined with a ground penetrating radar (GPR) evaluation, resulting in the classification of the target
as a spent shell casing and allowing the operator to safely pass by in confidence.

Given a design that can satisfy the above goals, it will then be possible to design and implement
computer-assisted or automatic recognition in order to positively identify the nature, position, and
orientation of a target. Automatic recognition, however, will be pursued by the engineering database, as
shown in Figure 1.3.

In data fusion, another issue of equal importance is the ability to deal with conflicting data,
producing interim results that the algorithm can revise as more data become available. In general,
the data interpretation process, as part of the functionality of data fusion, consists briefly of the
following stages:*

* Low-level data manipulation

+ Extraction of features from the data either using signal processing techniques or physical
sensor models

Classification of data using techniques such as Bayesian hypothesis testing, fuzzy logic, and
neural networks

Heuristic expert system rules to guide the previous levels, make high-level control decisions,
provide operator guidance, and provide early warnings and diagnostics

Current research and development (R&D) projects in this area include the processing of localization
and identification of data from various sources or type of sensors. The systems combine features of modern
multi-hypothesis tracking methods and correlation. This approach, to process all available data regarding
targets of interest, allows the user to extract the maximum amount of information concerning target
location from the complex “sea” of available data. Then a correlation algorithm is used to process large
volumes of data containing localization and to attribute information using multiple hypothesis methods.

In image classification and fusion strategies, many inaccuracies often result from attempting to fuse
data that exhibit motion-induced blurring or defocusing effects and background noise.®”:3 Compensation
for such distortions is inherently sensor dependent and non-trivial, as the distortion is often time varying
and unknown. In such cases, blind image processing, which relies on partial information about the
original data and the distorting process, is suitable.®®

In general, multi-sensor data fusion is an evolving subject, which is considered to be highly essential
in resolving the sonar, radar detection/classification, and diagnostic problems in medical imaging
systems. Since a single sensor system with an f very low false alarm rate is rarely available,
current developments in sonar, radar, and medical imaging systems include multi-sensor configura-
tions to minimize the false alarm rates. Then the multi-sensor data fusion process becomes highly
essential. Although data fusion and databases have not been implemented yet in medical imaging
systems, their potential use in this area will undoubtedly be a rapidly evolving R&D subject in the
near future. Then system experience in the areas of sonar and radar systems would be a valuable asset
in that regard. For medical imaging applications, the data and image fusion processes will be discussed
in detail in Chapter 19.

Finally, Chapter 20 concludes the material of this handbook by providing clinical data and discussion
on the role of medical imaging in radiotherapy treatment planning.
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2.1 The Filtering Problem

The term “filter” is often used to describe a device in the form of a piece of physical hardware or software
that is applied to a set of noisy data in order to extract information about a prescribed quantity of interest.
The noise may arise from a variety of sources. For example, the data may have been derived by means
of noisy sensors or may represent a useful signal component that has been corrupted by transmission
through a communication channel. In any event, we may use a filter to perform three basic information-

processing tasks.

1. Filtering means the extraction of information about a quantity of interest at time t by using data
measured up to and including time t.

2. Smoothing differs from filtering in that information about the quantity of interest need not be
available at time t, and data measured later than time t can be used in obtaining this information.
This means that in the case of smoothing there is a delay in producing the result of interest. Since

* The material presented in this chapter is based on the author’s two textbooks: (1) Adaptive Filter Theory (1996)
and (2) Neural Networks: A Comprehensive Foundation (1999), Prentice-Hall, Englewood Cliffs, NJ.
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in the smoothing process we are able to use data obtained not only up to time t, but also data
obtained after time t, we would expect smoothing to be more accurate in some sense than filtering.

3. Prediction is the forecasting side of information processing. The aim here is to derive information
about what the quantity of interest will be like at some time t + T in the future, for some T > 0,
by using data measured up to and including time t.

We may classify filters into linear and nonlinear. A filter is said to be linear if the filtered, smoothed,
or predicted quantity at the output of the device is a linear function of the observations applied to the filter
input. Otherwise, the filter is nonlinear.

In the statistical approach to the solution of the linear filtering problem as classified above, we assume
the availability of certain statistical parameters (i.e., mean and correlation functions) of the useful signal
and unwanted additive noise, and the requirement is to design a linear filter with the noisy data as input
S0 as to minimize the effects of noise at the filter output according to some statistical criterion. A useful
approach to this filter-optimization problem is to minimize the mean-square value of the error signal
that is defined as the difference between some desired response and the actual filter output. For stationary
inputs, the resulting solution is commonly known as the Wiener filter, which is said to be optimum in the
mean-square sense. A plot of the mean-square value of the error signal vs. the adjustable parameters of
a linear filter is referred to as the error-performance surface. The minimum point of this surface represents
the Wiener solution.

The Wiener filter is inadequate for dealing with situations in which nonstationarity of the signal and/or
noise is intrinsic to the problem. In such situations, the optimum filter has to assume a time-varying
form. A highly successful solution to this more difficult problem is found in the Kalman filter, a powerful
device with a wide variety of engineering applications.

Linear filter theory, encompassing both Wiener and Kalman filters, has been developed fully in the
literature for continuous-time as well as discrete-time signals. However, for technical reasons influenced
by the wide availability of digital computers and the ever-increasing use of digital signal-processing
devices, we find in practice that the discrete-time representation is often the preferred method.
Accordingly, in this chapter, we only consider the discrete-time version of Wiener and Kalman filters.
In this method of representation, the input and output signals, as well as the characteristics of the
filters themselves, are all defined at discrete instants of time. In any case, a continuous-time signal
may always be represented by a sequence of samples that are derived by observing the signal at uniformly
spaced instants of time. No loss of information is incurred during this conversion process provided,
of course, we satisfy the well-known sampling theorem, according to which the sampling rate has to
be greater than twice the highest frequency component of the continuous-time signal (assumed to be
of a low-pass kind). We may thus represent a continuous-time signal u(t) by the sequence u(n), n =
0, £1, £2, ..., where for convenience we have normalized the sampling period to unity, a practice that
we follow throughout this chapter.

2.2 Adaptive Filters

The design of a Wiener filter requires a priori information about the statistics of the data to be processed.
The filter is optimum only when the statistical characteristics of the input data match the a priori
information on which the design of the filter is based. When this information is not known completely,
however, it may not be possible to design the Wiener filter or else the design may no longer be optimum.
A straightforward approach that we may use in such situations is the “estimate and plug” procedure.
This is a two-stage process whereby the filter first “estimates” the statistical parameters of the relevant
signals and then “plugs” the results so obtained into a nonrecursive formula for computing the filter
parameters. For a real-time operation, this procedure has the disadvantage of requiring excessively elab-
orate and costly hardware. A more efficient method is to use an adaptive filter. By such a device we mean
one that is self-designing in that the adaptive filter relies on a recursive algorithm for its operation, which
makes it possible for the filter to perform satisfactorily in an environment where complete knowledge of
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the relevant signal characteristics is not available. The algorithm starts from some predetermined set of
initial conditions, representing whatever we know about the environment. Yet, in a stationary environ-
ment, we find that after successive iterations of the algorithm it converges to the optimum Wiener solution
in some statistical sense. In a nonstationary environment, the algorithm offers a tracking capability, in
that it can track time variations in the statistics of the input data, provided that the variations are
sufficiently slow.

As a direct consequence of the application of a recursive algorithm whereby the parameters of an
adaptive filter are updated from one iteration to the next, the parameters become data dependent. This,
therefore, means that an adaptive filter is in reality a nonlinear device, in the sense that it does not obey
the principle of superposition. Notwithstanding this property, adaptive filters are commonly classified as
linear or nonlinear. An adaptive filter is said to be linear if the estimate of quantity of interest is computed
adaptively (at the output of the filter) as a linear combination of the available set of observations applied
to the filter input. Otherwise, the adaptive filter is said to be nonlinear.

A wide variety of recursive algorithms have been developed in the literature of the operation of linear
adaptive filters. In the final analysis, the choice of one algorithm over another is determined by one or
more of the following factors:

* Rate of convergence — This is defined as the number of iterations required for the algorithm, in
response to stationary inputs, to converge “close enough” to the optimum Wiener solution in the
mean-square sense. A fast rate of convergence allows the algorithm to adapt rapidly to a stationary
environment of unknown statistics.

Misadjustment — For an algorithm of interest, this parameter provides a quantitative measure of
the amount by which the final value of the mean-squared error, averaged over an ensemble of adaptive
filters, deviates from the minimum mean-squared error that is produced by the Wiener filter.

Tracking — When an adaptive filtering algorithm operates in a nonstationary environment, the
algorithm is required to track statistical variations in the environment. The tracking performance
of the algorithm, however, is influenced by two contradictory features: (1) the rate of convergence
and (b) the steady-state fluctuation due to algorithm noise.

Robustness — For an adaptive filter to be robust, small disturbances (i.e., disturbances with small
energy) can only result in small estimation errors. The disturbances may arise from a variety of
factors internal or external to the filter.

+ Computational requirements — Here, the issues of concern include (1) the number of operations
(i.e., multiplications, divisions, and additions/subtractions) required to make one complete iter-
ation of the algorithm, (2) the size of memory locations required to store the data and the program,
and (3) the investment required to program the algorithm on a computer.

Structure — This refers to the structure of information flow in the algorithm, determining the
manner in which it is implemented in hardware form. For example, an algorithm whose structure
exhibits high modularity, parallelism, or concurrency is well suited for implementation using very
large-scale integration (VLSI)."

Numerical properties — When an algorithm is implemented numerically, inaccuracies are produced
due to quantization errors. The quantization errors are due to analog-to-digital conversion of the
input data and digital representation of internal calculations. Ordinarily, it is the latter source of
guantization errors that poses a serious design problem. In particular, there are two basic issues

* VLSI technology favors the implementation of algorithms that possess high modularity, parallelism, or concur-
rency. We say that a structure is modular when it consists of similar stages connected in cascade. By parallelism, we
mean a large number of operations being performed side by side. By concurrency, we mean a large number of similar
computations being performed at the same time. For a discussion of VLSI implementation of adaptive filters, see
Shabhag and Parhi (1994). This book emphasizes the use of pipelining, an architectural technique used for increasing
the throughput of an adaptive filtering algorithm.
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of concern: numerical stability and numerical accuracy. Numerical stability is an inherent charac-
teristic of an adaptive filtering algorithm. Numerical accuracy, on the other hand, is determined
by the number of bits (i.e., binary digits used in the numerical representation of data samples and
filter coefficients). An adaptive filtering algorithm is said to be numerically robust when it is
insensitive to variations in the word length used in its digital implementation.

These factors, in their own ways, also enter into the design of nonlinear adaptive filters, except for the
fact that we now no longer have a well-defined frame of reference in the form of a Wiener filter. Rather,
we speak of a nonlinear filtering algorithm that may converge to a local minimum or, hopefully, a global
minimum on the error-performance surface.

In the sections that follow, we shall first discuss various aspects of linear adaptive filters. Discussion
of nonlinear adaptive filters is deferred to Section 2.6.

2.3 Linear Filter Structures

The operation of a linear adaptive filtering algorithm involves two basic processes: (1) a filtering process
designed to produce an output in response to a sequence of input data, and (2) an adaptive process, the
purpose of which is to provide mechanism for the adaptive control of an adjustable set of parameters
used in the filtering process. These two processes work interactively with each other. Naturally, the choice
of a structure for the filtering process has a profound effect on the operation of the algorithm as a whole.

There are three types of filter structures that distinguish themselves in the context of an adaptive filter
with finite memory or, equivalently, finite-duration impulse response. The three filter structures are trans-
versal filter, lattice predictor, and systolic array.

2.3.1 Transversal Filter

The transversal filter,” also referred to as a tapped-delay line filter, consists of three basic elements, as
depicted in Figure 2.1: (1) a unit-delay element, (2) a multiplier, and (3) an adder. The number of delay
elements used in the filter determines the finite duration of its impulse response. The number of delay
elements, shown as M — 1 in Figure 2.1, is commonly referred to as the filter order. In Figure 2.1, the
delay elements are each identified by the unit-delay operator z-*. In particular, when z-* operates on the
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FIGURE 2.1 Transversal filter.

* The transversal filter was first described by Kallmann as a continuous-time device whose output is formed as a
linear combination of voltages taken from uniformly spaced taps in a nondispersive delay line (Kallmann, 1940). In
recent years, the transversal filter has been implemented using digital circuitry, charged-coupled devices, or surface-
acoustic wave devices. Owing to its versatility and ease of implementation, the transversal filter has emerged as an
essential signal-processing structure in a wide variety of applications.
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input u(n), the resulting output is u(n — 1). The role of each multiplier in the filter is to multiply the tap
input, to which it is connected by a filter coefficient referred to as a tap weight. Thus, a multiplier connected
to the kth tap input u(n — k) produces the scalar version of the inner product, w, u(n — k), where w, is
the respective tap weightand k =0, 1, ..., M — 1. The asterisk denotes complex conjugation, which assumes
that the tap inputs and, therefore, the tap weights are all complex valued. The combined role of the adders
in the filter is to sum the individual multiplier outputs and produce an overall filter output. For the
transversal filter described in Figure 2.1, the filter output is given by

m-1

yin) =% wu(n —k) @
k=0

Equation 2.1 is called a finite convolution sum in the sense that it convolves the finite-duration impulse
response of the filter, w,,, with the filter input u(n) to produce the filter output y(n).

2.3.2 Lattice Predictor

A lattice predictor® is modular in structure in that it consists of a number of individual stages, each of
which has the appearance of a lattice, hence, the name “lattice” as a structural descriptor. Figure 2.2
depicts a lattice predictor consisting of M — 1 stages; the number M — 1 is referred to as the predictor
order. The mth stage of the lattice predictor in Figure 2.2 is described by the pair of input-output relations
(assuming the use of complex-valued, wide-sense stationary input data):

fu(n) = fr_s(N) + Kpbp_ (N —1) (2.2)
bm(n) = bm—l(n _1) + Kmfm—l(n) (23)

wherem=1,2, ..., M-1,and M - 1 is the final predictor order. The variable f(n) is the mth forward
prediction error, and b.,(n) is the mth backward prediction error. The coefficient K, is called the mth
reflection coefficient. The forward prediction error f(n) is defined as the difference between the input
u(n) and its one-step predicted value; the latter is based on the set of m past inputs u(n — 1), ..., u(h -
m). Correspondingly, the backward prediction error b.,(n) is defined as the difference between the input
u(n — m) and its “backward” prediction based on the set of m “future” inputs u(n), ..., u(n — m + 1).
Considering the conditions at the input of stage 1 in Figure 2.2, we have

fo(n) = by(n) = u(n) (24)

where u(n) is the lattice predictor input at time n. Thus, starting with the initial conditions of Equation
2.4 and given the set of reflection coefficients Ky, K,, ..., Ky _;, We may determine the final pair of outputs
fu_1(n) and by, _,(n) by moving through the lattice predictor, stage by stage.

For a correlated input sequence u(n), u(n — 1), ..., u(n — M + 1) drawn from a stationary process, the
backward prediction errors by, b,(n), ..., by _,(n) form a sequence of uncorrelated random variables.
Moreover, there is a one-to-one correspondence between these two sequences of random variables in the
sense that if we are given one of them, we may uniquely determine the other and vice versa. Accordingly,
a linear combination of the backward prediction errors by, b,(n), ..., by,_,(n) may be used to provide an
estimate of some desired response d(n), as depicted in the lower half of Figure 2.2. The arithmetic
difference between d(n) and the estimate so produced represents the estimation error e(n). The process
described herein is referred to as a joint-process estimation. Naturally, we may use the original input
sequence u(n), u(n — 1), ..., u(n — M + 1) to produce an estimate of the desired response d(n) directly.
The indirect method depicted in Figure 2.2, however, has the advantage of simplifying the computation

* The development of the lattice predictor is credited to Itakura and Saito (1972).
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FIGURE 2.2 Multistage lattice filter.
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of the tap weights hy, h,(n), ..., hy,_; by exploiting the uncorrelated nature of the corresponding backward
prediction errors used in the estimation.

2.3.3 Systolic Array

A systolic array” represents a parallel computing network ideally suited for mapping a number of
important linear algebra computations, such as matrix multiplication, triangularization, and back
substitution. Two basic types of processing elements may be distinguished in a systolic array: boundary
cells and internal cells. Their functions are depicted in Figures 2.3a and 2.3b, respectively. In each case,
the parameter r represents a value stored within the cell. The function of the boundary cell is to produce
an output equal to the input u divided by the number r stored in the cell. The function of the internal
cell is twofold: (1) to multiply the input z (coming in from the top) by the number r stored in the
cell, subtract the product rz from the second input (coming in from the left), and thereby produce
the difference u — rz as an output from the right-hand side of the cell; and (2) to transmit the first z
downward without alteration.

Input
z
Input l
Input 5 (?Ju_tpzut
U —_—

l

y z
Output Output
(@ (b)

FIGURE 2.3 Two basic cells of a systolic array: (a) boundary cell and (b) internal cell.

Consider, for example, the 3 x 3 triangular array shown in Figure 2.4. This systolic array involves a
combination of boundary and internal cells. In this case, the triangular array computes an output vector
y related to the input vector u as follows:

y=Ru (2.5)

where the R-T is the inverse of the transposed matrix R™. The elements of RT are the respective cell contents
of the triangular array. The zeros added to the inputs of the array in Figure 2.4 are intended to provide
the delays necessary for pipelining the computation described in Equation 2.5.

A systolic array architecture, as described herein, offers the desirable features of modularity, local
interconnections, and highly pipelined and synchronized parallel processing; the synchronization is achieved
by means of a global clock.

We note that the transversal filter of Figure 2.1, the joint-process estimator of Figure 2.2 based on a
lattice predictor, and the triangular systolic array of Figure 2.4 have a common property: all three of

* The systolic array was pioneered by Kung and Leiserson (1978). In particular, the use of systolic arrays has made
it possible to achieve a high throughput, which is required for many advanced signal-processing algorithms to operate
in real time.
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FIGURE 2.4 Triangular systolic array.

them are characterized by an impulse response of finite duration. In other words, they are examples of
a finite-duration impulse response (FIR) filter, whose structures contain feedforward paths only. On the
other hand, the filter structure shown in Figure 2.5 is an example of an infinite-duration impulse response
(1IR) filter. The feature that distinguishes an IR filter from an FIR filter is the inclusion of feedback paths.
Indeed, it is the presence of feedback that makes the duration of the impulse response of an IIR filter
infinitely long. Furthermore, the presence of feedback introduces a new problem, namely, that of stability.
In particular, it is possible for an IIR filter to become unstable (i.e., break into oscillation), unless special
precaution is taken in the choice of feedback coefficients. By contrast, an FIR filter in inherently stable.
This explains the reason for the popular use of FIR filters, in one form or another, as the structural basis
for the design of linear adaptive filters.

2.4 Approaches to the Development of Linear
Adaptive Filtering Algorithms

There is no unique solution to the linear adaptive filtering problem. Rather, we have a “kit of tools”
represented by a variety of recursive algorithms, each of which offers desirable features of its own. (For
complete detailed treatment of linear adaptive filters, see the book by Haykin [1996].) The challenge
facing the user of adaptive filtering is (1) to understand the capabilities and limitations of various adaptive
filtering algorithms and (2) to use this understanding in the selection of the appropriate algorithm for
the application at hand.

Basically, we may identify two distinct approaches for deriving recursive algorithms for the operation
of linear adaptive filters, as discussed next.
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2.4.1 Stochastic Gradient Approach

Here, we may use a tapped-delay line or transversal filter as the structural basis for implementing the linear
adaptive filter. For the case of stationary inputs, the cost function,” also referred to as the index of performance,
is defined as the mean-squared error (i.e., the mean-square value of the difference between the desired response
and the transversal filter output). This cost function is precisely a second-order function of the tap weights
in the transversal filter. The dependence of the mean-squared error on the unknown tap weights may be
viewed to be in the form of a multidimensional paraboloid (i.e., punch bowl) with a uniquely defined bottom
or minimum point. As mentioned previously, we refer to this paraboloid as the error-performance surface; the
tap weights corresponding to the minimum point of the surface define the optimum Wiener solution.

To develop a recursive algorithm for updating the tap weights of the adaptive transversal filter, we proceed
in two stages. We first modify the system of Wiener-Hopf equations (i.e., the matrix equation defining the
optimum Wiener solution) through the use of the method of steepest descent, a well-known technique in

* In the general definition of a function, we speak of a transformation from a vector space into the space of real
(or complex) scalars (Luenberger, 1969; Dorny, 1975). A cost function provides a quantitative measure for assessing
the quality of performance and, hence, the restriction of it to a real scalar.
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optimization theory. This modification requires the use of a gradient vector, the value of which depends on
two parameters: the correlation matrix of the tap inputs in the transversal filter and the cross-correlation
vector between the desired response and the same tap inputs. Next, we use instantaneous values for these
correlations so as to derive an estimate for the gradient vector, making it assume a stochastic character in
general. The resulting algorithm is widely known as the least-mean-square (LMS) algorithm, the essence of
which may be described in words as follows for the case of a transversal filter operating on real-valued data:

rupdated valugg [ oldvalue [ learning-tap-
%oftap-weight%:E)ftap-weigh%+% rate %ginput% ional]
O wvector U O vector U CparameterdUectord

where the error signal is defined as the difference between some desired response and the actual response
of the transversal filter produced by the tap-input vector.

The LMS algorithm, summarized in Table 2.1, is simple and yet capable of achieving satisfactory
performance under the right conditions. Its major limitations are a relatively slow rate of convergence
and a sensitivity to variations in the condition number of the correlation matrix of the tap inputs;
the condition number of a Hermitian matrix is defined as the ratio of its largest eigenvalue to its
smallest eigenvalue. Nevertheless, the LMS algorithm is highly popular and widely used in a variety
of applications.

TABLE 2.1 Summary of the LMS Algorithm

Notations:
u(n) = tap-input vector at time n
=[u(n),u(n-1),...,un-M+ 117
M = number of tap inputs
d(n) = desired response at time n
W(n) = [wg(n), wi(n), .. Wiy _y(M]"
= tap-weight vector at time n
y(n) = actual response of the tapped-delay line filter
= W H(n)u(n), where superscript H denotes
Hermitian transposition
e(n) = error signal
=d(n) - y(n)
Parameters:
M = number of taps
m = step-size parameter
2
O<p< tap-input power
M-1
tap-input power = 5 E[|u(n -~ k)]
k=0
Initialization:

If prior knowledge on the tap-weight vector W (n) is available, use it
to select an appropriate value for W (0). Otherwise, set W (0) = 0.

Date:
Given: u(n) = M x 1 tap-input vector at time n
d(n) = desired response at time n
To be computed: W (n + 1) = estimate of tap-weight vector at
timen+1
Computation: Forn=0,1,2, ..., compute

e(n) = d(n) — W H(n)u(n)
W (n + 1) = W (n) = pu(n)e*(n)
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In a nonstationary environment, the orientation of the error-performance surface varies continuously
with time. In this case, the LMS algorithm has the added task of continually tracking the bottom of the
error-performance surface. Indeed, tracking will occur provided that the input data vary slowly compared
to the learning rate of the LMS algorithm.

The stochastic gradient approach may also be pursued in the context of a lattice structure. The resulting
adaptive filtering algorithm is called the gradient adaptive lattice (GAL) algorithm. In their own individual
ways, the LMS and GAL algorithms are just two members of the stochastic gradient family of linear adaptive
filters, although it must be said that the LMS algorithm is by far the most popular member of this family.

2.4.2 Least-Squares Estimation

The second approach to the development of linear adaptive filtering algorithms is based on the method
of least squares. According to this method, we minimize a cost function or index of performance that
is defined as the sum of weighted error squares, where the error or residual is itself defined as the
difference between some desired response and the actual filter output. The method of least squares
may be formulated with block estimation or recursive estimation in mind. In block estimation, the input
data stream is arranged in the form of blocks of equal length (duration), and the filtering of input
data proceeds on a block-by-block basis. In recursive estimation, on the other hand, the estimates of
interest (e.g., tap weights of a transversal filter) are updated on a sample-by-sample basis. Ordinarily,
a recursive estimator requires less storage than a block estimator, which is the reason for its much
wider use in practice.

Recursive least-squares (RLS) estimation may be viewed as a special case of Kalman filtering. A distin-
guishing feature of the Kalman filter is the notion of state, which provides a measure of all the inputs
applied to the filter up to a specific instant of time. Thus, at the heart of the Kalman filtering algorithm
we have a recursion that may be described in words as follows:

rupdated valuey  pld value

O ofthe U =DUofthe B+ rKalman-innovation
a 5 0" O gain U0 vector U
O state 0O O state O

where the innovation vector represents new information put into the filtering process at the time of the
computation. For the present, it suffices to say that there is indeed a one-to-one correspondence between
the Kalman variables and RLS variables. This correspondence means that we can tap the vast literature
on Kalman filters for the design of linear adaptive filters based on RLS estimation.

We may classify the RLS family of linear adaptive filtering algorithms into three distinct categories,
depending on the approach taken:

1. Standard RLS algorithm assumes the use of a transversal filter as the structural basis of the linear
adaptive filter. Table 2.2 summarizes the standard RLS algorithm. Derivation of this algorithm
relies on a basic result in linear algebra known as the matrix inversion lemma. Most importantly,
it enjoys the same virtues and suffers from the same limitations as the standard Kalman filtering
algorithm. The limitations include lack of numerical robustness and excessive computational
complexity. Indeed, it is these two limitations that have prompted the development of the other
two categories of RLS algorithms, described next.

2. Square-root RLS algorithms are based on QR decomposition of the incoming data matrix. Two well-
known techniques for performing this decomposition are the Householder transformation and the
Givens rotation, both of which are data adaptive transformations. At this point in the discussion,
we need to merely say that RLS algorithms based on the Householder transformation or Givens
rotation are numerically stable and robust. The resulting linear adaptive filters are referred to as
square-root adaptive filters, because in a matrix sense they represent the square-root forms of the
standard RLS algorithm.
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TABLE 2.2 Summary of the RLS Algorithm

Notations:
u(n) = tap-input vector at time n
=[u(n),u(n-1),...,un-M+ 1)]"
M = number of tap inputs
d(n) = desired response at time n

W) = [Wo (), Wy (n), .o Wyy_y (M)]7
= tap-weight vector at time n

&(n) = innovation (i.e., a priori error signal) at time n
| = exponential weighting factor

k(n) = gain vector at time n

P(n) = weight-error correlation matrix

Initialize the algorithm by setting
P(0) = 811, & = small positive constant
w(0) =0
For each instant of time, n - 1, 2, ..., compute
-1
k(n) = )_\1 E(n_l)u(n)
1+A"u'(n)P(n=1)u(n)
&(n) = d(n)—w"(n-1)u(n)
W(n) = w(n-1)+k(n)& (n)
AP(n=1) =Ak(n)u(n)P(n—1)

3. Fast RLS algorithms, which include the standard RLS algorithm and square-root RLS algorithms,
have a computational complexity that increases as the square of M, where M is the number of
adjustable weights (i.e., the number of degrees of freedom) in the algorithm. Such algorithms are
often referred to as O(M?) algorithms, where O([) denotes “order of.” By contrast, the LMS algorithm
is an O(M) algorithm, in that its computational complexity increases linearly with M. When M is
large, the computational complexity of O(M?) algorithms may become objectionable from a hard-
ware implementation point of view. There is therefore a strong motivation to modify the formulation
of the RLS algorithm in such a way that the computational complexity assumes an O(M) form. This
objective is indeed achievable, in the case of temporal processing, first by virtue of the inherent
redundancy in the Toeplitz structure of the input data matrix and second by exploiting this redundancy
through the use of linear least-squares prediction in both the forward and backward directions. The
resulting algorithms are known collectively as fast RLS algorithms; they combine the desirable
characteristics of recursive linear least-squares estimation with an O(M) computational complexity.
Two types of fast RLS algorithms may be identified, depending on the filtering structure employed:

+ Order-recursive adaptive filters, which are based on a lattice-like structure for making linear
forward and backward predictions

+ Fast transversal filters, in which the linear forward and backward predictions are performed
using separate transversal filters

Certain (but not all) realizations of order-recursive adaptive filters are known to be numerically stable,
whereas fast transversal filters suffer from a numerical stability problem and, therefore, require some
form of stabilization for them to be of practical use.

An introductory discussion of linear adaptive filters would be incomplete without saying something
about their tracking behavior. In this context, we note that stochastic gradient algorithms such as the
LMS algorithm are model independent; generally speaking, we would expect them to exhibit good tracking
behavior, which indeed they do. In contrast, RLS algorithms are model dependent; this, in turn, means
that their tracking behavior may be inferior to that of a member of the stochastic gradient family, unless
care is taken to minimize the mismatch between the mathematical model on which they are based and
the underlying physical process responsible for generating the input data.
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2.4.3 How to Choose an Adaptive Filter

Given the wide variety of adaptive filters available to a system designer, how can a choice be made for
an application of interest? Clearly, whatever the choice, it has to be cost effective. With this goal in mind,
we may identify three important issues that require attention: computational cost, performance, and
robustness. The use of computer simulation provides a good first step in undertaking a detailed investi-
gation of these issues. We may begin by using the LMS algorithm as an adaptive filtering tool for the
study. The LMS algorithm is relatively simple to implement. Yet it is powerful enough to evaluate the
practical benefits that may result from the application of adaptivity to the problem at hand. Moreover,
it provides a practical frame of reference for assessing any further improvement that may be attained
through the use of more sophisticated adaptive filtering algorithms. Finally, the study must include tests
with real-life data, for which there is no substitute.

Practical applications of adaptive filtering are very diverse, with each application having peculiarities
of its own. The solution for one application may not be suitable for another. Nevertheless, to be successful
we have to develop a physical understanding of the environment in which the filter has to operate and
thereby relate to the realities of the application of interest.

2.5 Real and Complex Forms of Adaptive Filters

In the development of adaptive filtering algorithms, regardless of their origin, it is customary to assume
that the input data are in baseband form. The term “baseband” is used to designate the band of frequencies
representing the original (message) signal as generated by the source of information.

In such applications as communications, radar, and sonar, the information-bearing signal com-
ponent of the receiver input typically consists of a message signal modulated onto a carrier wave. The
bandwidth of the message signal is usually small compared to the carrier frequency, which means
that the modulated signal is a narrowband signal. To obtain the baseband representation of a nar-
rowband signal, the signal is translated down in frequency in such a way that the effect of the carrier
wave is completely removed, yet the information content of the message signal is fully preserved. In
general, the baseband signal so obtained is complex. In other words, a sample u(n) of the signal may
be written as

u(n) = uy(n) +jug(n) (2.6)

where u,(n) is the in-phase (real) component, and uy(n) is the quadrature (imaginary) component. Equiv-
alently, we may express u(n) as

u(n) = lu(n)le"* @7

where |u(n)| is the magnitude, and @(n) is the phase angle.

The LMS and RLS algorithms summarized in Tables 2.1 and 2.2 assume the use of complex signals.
The adaptive filtering algorithm so described is said to be in complex form. The important virtue of
complex adaptive filters is that they preserve the mathematical formulation and elegant structure of
complex signals encountered in the aforementioned areas of application.

If the signals to be processed are real, we naturally use the real form of the adaptive filtering algorithm
of interest. Given the complex form of an adaptive filtering algorithm, it is straightforward to deduce
the corresponding real form of the algorithm. Specifically, we do two things:

1. The operation of complex conjugation, wherever in the algorithm, is simply removed.
2. The operation of Hermitian transposition (i.e., conjugate transposition) of a matrix, wherever in
the algorithm, is replaced by ordinary transposition.

Simply put, complex adaptive filters include real adaptive filters as special cases.
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2.6 Nonlinear Adaptive Systems: Neural Networks

The theory of linear optimum filters is based on the mean-square error criterion. The Wiener filter that
results from the minimization of such a criterion, and which represents the goal of linear adaptive filtering
for a stationary environment, can only relate to second-order statistics of the input data and no higher.
This constraint limits the ability of a linear adaptive filter to extract information from input data that
are non-Gaussian. Despite its theoretical importance, the existence of Gaussian noise is open to question
(Johnson and Rao, 1990). Moreover, non-Gaussian processes are quite common in many signal processing
applications encountered in practice. The use of a Wiener filter or a linear adaptive filter to extract signals
of interest in the presence of such non-Gaussian processes will therefore yield suboptimal solutions. We
may overcome this limitation by incorporating some form of nonlinearity in the structure of the adaptive
filter to take care of higher order statistics. Although, by so doing, we no longer have the Wiener filter
as a frame of reference and so complicate the mathematical analysis, we would expect to benefit in two
significant ways: improving learning efficiency and a broadening of application areas.

In this section, we describe an important class of the nonlinear adaptive system commonly known as
artificial neural networks or just simply neural networks. This terminology is derived from analogy with
biological neural networks that make up the human brain.

A neural network is a massively parallel distributed processor that has a natural propensity for storing
experiential knowledge and making it available for use. It resembles the brain in two respects:

1. Knowledge is acquired by the network through a learning process.
2. Interconnection strengths known as synaptic weights are used to store the knowledge.

Basically, learning is a process by which the free parameters (i.e., synaptic weights and bias levels) of a
neural network are adapted through a continuing process of stimulation by the environment in which
the network is embedded. The type of learning is determined by the manner in which the parameter
changes take place. Specifically, learning machines may be classified as follows:

« Learning with a teacher, also referred to as supervised learning
* Learning without a teacher

This second class of learning machines may also be subdivided into

* Reinforcement learning
+ Unsupervised learning or self-organized learning

In the subsequent sections of this chapter, we will describe the important aspects of these learning
machines and highlight the algorithms involved in their designs. For a detailed treatment of the subject,
see Haykin (1999); this book has an up-to-date bibliography that occupies 41 pages of references.

In the context of adaptive signal-processing applications, neural networks offer the following
advantages:

+ Nonlinearity, which makes it possible to account for the nonlinear behavior of physical phenomena
responsible for generating the input data

The ability to approximate any prescribed input-output mapping of a continuous nature
Weak statistical assumptions about the environment, in which the network is embedded

Learning capability, which is accomplished by undertaking a training session with input-output
examples that are representative of the environment

Generalization, which refers to the ability of the neural network to provide a satisfactory perfor-
mance in response to test data never seen by the network before

Fault tolerance, which means that the network continues to provide an acceptable performance
despite the failure of some neurons in the network

VLSI implementability, which exploits the massive parallelism built into the design of a neural network
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This is indeed an impressive list of attributes, which accounts for the widespread interest in the use
of neural networks to solve signal-processing tasks that are too difficult for conventional (linear)
adaptive filters.

2.6.1 Supervised Learning

This form of learning assumes the availability of a labeled (i.e., ground truthed) set of training data made
up of N input-output examples:

T = {(xd)}i-, (28)
where X; = input vector of ith example
d; = desired (target) response of ith example, assumed to be scalar for convenience of

presentation
N =sample size

Given the training sample T, the requirement is to compute the free parameters of the neural network
so that the actual output y; of the neural network due to x; is close enough to d; for all i in a statistical
sense. For example, we may use the mean-squared error

E(n) = 5 (di-v) (29)

Zl=

as the index of performance to be minimized.

2.6.1.1 Multilayer Perceptrons and Back-Propagation Learning

The back-propagation algorithm has emerged as the workhorse for the design of a special class of layered
feedforward networks known as multilayer perceptrons. As shown in the block diagram of Figure 2.6, a
multilayer perceptron consists of the following:

* Input layer of nodes, which provide the means for connecting the neural network to the source(s)
of signals driving the network

* One or more hidden layers of processing units, which act as “feature detectors”

+ Output layer of processing units, which provide one final stage of computation and thereby produce
the response of the network to the signals applied to the input layer

The processing units are commonly referred to as artificial neurons or just neurons. Typically, a neuron
consists of a linear combiner with a set of adjustable synaptic weights, followed by a nonlinear activation
function, as depicted in Figure 2.7.

Two commonly used forms of the activation function ¢(0) are shown in Figure 2.8. The first one,
shown in Figure 2.8a, is called the hyperbolic function, which is defined by

¢ (v) = tanh(v)
_ 1—exp(2V) (2.10)

T 1+exp(2Vv)
The second one, shown in Figure 2.8b, is called the logistic function, which is defined by

1

M eer)

(2.11)

From these definitions, we readily see that the logistic function is of a unipolar form that is nonsym-
metric, whereas the hyperbolic function is bipolar that is antisymmetric.
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FIGURE 2.6 Fully connected feedforward of acyclic network with one hidden layer and one output layer.
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FIGURE 2.7 Simplified model of a neuron.

The training of an MLP is usually accomplished by using the back-propagation (BP) algorithm that

involves two phases (Werbos, 1974; Rumelhart et al., 1986):

» Forward phase: During this phase, the free parameters of the network are fixed, and the input
signal is propagated through the network of Figure 2.6 layer by layer. The forward phase finishes
with the computation of an error signal defined as the difference between a desired response and
the actual output produced by the network in response to the signals applied to the input layer.

Backward phase: During this second phase, the error signal e; is propagated through the network

of Figure 2.6 in the backward direction, hence the name of the algorithm. It is during this phase
that adjustments are applied to the free parameters of the network so as to minimize the error e

in a statistical sense.

BP learning may be implemented in one of two basic ways, as summarized here;
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1. Sequential mode (also referred to as the pattern mode, on-line mode, or stochastic mode): In this
mode of BP learning, adjustments are made to the free parameters of the network on an example-
by-example basis. The sequential mode is best suited for pattern classification.

2. Batch mode: In this second mode of BP learning, adjustments are made to the free parameters of
the network on an epoch-by-epoch basis, where each epoch consists of the entire set of training
examples. The batch mode is best suited for nonlinear regression.

The BP learning algorithm is simple to implement and computationally efficient in that its complexity
is linear in the synaptic weights of the network. However, a major limitation of the algorithm is that it
can be excruciatingly slow, particularly when we have to deal with a difficult learning task that requires
the use of a large network.

Traditionally, the derivation of the BP algorithm is done for real-valued data. This derivation may be
extended to complex-valued data by permitting the free parameters of the multilayer perceptron to assume
complex values. However, in the latter case, care has to be exercised in how the activation function is handled
for complex-valued inputs. For a detailed derivation of the complex BP algorithm, see Haykin (1996).

In any event, we may try to make BP learning perform better by invoking the following list of neuristics:

 Use neurons with antisymmetric activation functions (e.g., hyperbolic tangent function) in pref-
erence to nonsymmetric activation functions (e.g., logistic function). Figure 2.8 shows examples
of these two forms of activation functions.

« Shuffle the training examples after the presentation of each epoch; an epoch involves the presen-
tation of the entire set of training examples to the network.
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+ Follow an easy-to-learn example with a difficult one.
* Preprocess the input data so as to remove the mean and decorrelate the data.

+ Arrange for the neurons in the different layers to learn at essentially the same rate. This may be
attained by assigning a learning-rate parameter to neurons in the last layers that is smaller than
those at the front end.

* Incorporate prior information into the network design whenever it is available.

One other heuristic that deserves to be mentioned relates to the size of the training set, N, for a pattern
classification task. Given a multilayer perceptron with a total number of synaptic weights including bias
levels, denoted by W, a rule of thumb for selecting N is

_ ~OMO
N =055 (212)

where O denotes “the order of,” and € denotes the fraction of classification errors permitted on test data.
For example, with an error of 10%, the number of training examples needed should be about ten times
the number of synaptic weights in the network.

Supposing that we have chosen a multilayer perceptron to be trained with the BP algorithm, how do
we determine when it is “best” to stop the training session? How do we select the size of individual hidden
layers of the MLP? The answers to these important questions may be obtained through the use of a
statistical technique known as cross-validation, which proceeds as follows:

* The set of training examples is split into two parts:
1. Estimation subset used for training of the model
2. Validation subset used for evaluating the model performance

* The network is finally tuned by using the entire set of training examples and then tested on test
data not seen before.

2.6.1.2 Radial-Basis Function (RBF) Networks

Another popular layered feedforward network is the radial-basis function (RBF) network, whose
structure is shown in Figure 2.9. RBF networks use memory-based learning for their design. Specifically,
learning is viewed as a curve-fitting problem in high-dimensional space (Broomhead and Lowe, 1988;
Poggio and Girosi, 1990).

1. Learning is equivalent to finding a surface in a multidimensional space that provides a best fit to
the training data.

2. Generalization (i.e., response of the network to input data not seen before) is equivalent to the
use of this multidimensional surface to interpolate the test data.

A commonly used formulation of the RBFs, which constitute the hidden layer, is based on the
Gaussian function. To be specific, let u denote the signal vector applied to the input layer and u; denote
the center of the Gaussian function assigned to hidden unit i. We may then define the corresponding
RBF as

2
u-—u; .
o(Ju-ul) = expg—%g, =12 K 213)

where the symbol ||u — uj|| denotes the Euclidean distance between the vectors u and u; and o? is the
width common to all K RBFs. (Each RBF may also be permitted to have a different width, but such a
generalization results in increased complexity.) On this basis, we may define the input-output mapping
realized by the RBF network (assuming a single output) to be
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where the set of weights { w} :1 1 constitutes the output layer. Equation 2.14 represents a linear mixture
of Gaussian functions.
RBF networks differ from the multilayer perceptrons in some fundamental respects:

* RBF networks are local approximators, whereas multilayer perceptrons are global approximators.

* RBF networks have a single hidden layer, whereas multilayer perceptrons can have any number of
hidden layers.

* The output layer of a RBF network is always linear, whereas in a multilayer perceptron it can be
linear or nonlinear.

* The activation function of the hidden layer in an RBF network computes the Euclidean distance
between the input signal vector and a parameter vector of the network, whereas the activation
function of a multilayer perceptron computes the inner product between the input signal vector
and the pertinent synaptic weight vector.

The use of a linear output layer in an RBF network may be justified in light of Cover’s theorem
on the separability of patterns. According to this theorem, provided that the transformation from
the input space to the feature (hidden) space is nonlinear and the dimensionality of the feature
space is high compared to that of the input (data) space, then there is a high likelihood that a
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nonseparable pattern classification task in the input space is transformed into a linearly separable
one in the feature space.
Design methods for RBF networks include the following:

1. Random selection of fixed centers (Broomhead and Lowe, 1988)

2. Self-organized selection of centers (Moody and Darken, 1989)

3. Supervised selection of centers (Poggio and Girosi, 1990)

4. Regularized interpolation exploiting the connection between an RBF network and the Watson-
Nadaraya regression kernel (Yee, 1998)

2.6.1.3 Support Vector Machines

Support vector machine (SVM) theory provides the most principled approach to the design of neural
networks, eliminating the need for domain knowledge (Vapnik, 1998). SVM theory applies to pattern
classification, regression, or density estimation using an RBF network (depicted in Figure 2.9) or an MLP
with a single hidden layer (depicted in Figure 2.6).

Unlike BP learning, different cost functions are used for pattern classification and regression. Most
importantly, the use of SVM learning eliminates the need for how to select the size of the hidden layer
in an MLP or RBF network. In the latter case, it also eliminates the need for how to specify the centers
of the RBF units in the hidden layer.

Simply stated, support vectors are those data points (for the linearly separable case) that are the most
difficult to classify and are optimally separated from each other.

In an SVM, the selection of basis functions is required to satisfy Mercer’s theorem; that is, each basis
function is in the form of a positive, definite, inner-product kernel (assuming real-valued data):

K(xi, X;) = (PT(Xi)(P(Xj) (2.15)

where x; and x; are input vectors for examples i and j, and ¢ (x;) is the vector of hidden-unit outputs for
inputs x;. The hidden (feature) space is chosen to be of high dimensionality so as to transform a nonlinear,
separable, pattern classification problem into a linearly separable one. Most importantly, however, in a
pattern classification task, for example, the support vectors are selected by the SVM learning algorithm
s0 as to maximize the margin of separation between classes.

The curse-of-dimensionality problem, which can plague the design of multilayer perceptrons and RBF
networks, is avoided in SVMs through the use of quadratic programming. This technique, based directly
on the input data, is used to solve for the linear weights of the output layer (Vapnik, 1998).

2.6.2 Unsupervised Learning

Turning next to unsupervised learning, adjustment of synaptic weights may be carried through the use
of neurobiological principles such as Hebbian learning and competitive learning or information-theoretic
principles. In this section we will describe specific applications of these three approaches.

2.6.2.1 Principal Components Analysis

According to Hebb’s postulate of learning, the change in synaptic weight Aw;; of a neural network is defined
by (for real-valued data)

Aw;; = nxy; (2.16)
where n = learning-rate parameter

X; = input (presynaptic) signal
y; = output (postsynaptic) signal
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Principal component analysis (PCA) networks use a modified form of this self-organized learning
rule. To begin with, consider a linear neuron designed to operate as a maximum eigenfilter; such a neuron
is referred to as Oja’s neuron (Oja, 1982). It is characterized as follows:

Aw;; = ny;(xi—y;w;i) (2.17)

where the term —n yjzwji is added to stabilize the learning process. As the number of iterations approaches
infinity, we find the following:

1. The synaptic weight vector of neuron j approaches the eigenvector associated with the largest
eigenvalue A, of the correlation matrix of the input vector (assumed to be of zero mean).
2. The variance of the output of neuron j approaches the largest eigenvalue A,

The generalized Hebbian algorithm (GHA), due to Sanger (1989), is a straightforward generalization of
Oja’s neuron for the extraction of any desired number of principal components.

2.6.2.2 Self-Organizing Maps

In a self-organizing map (SOM), due to Kohonen (1997), the neurons are placed at the nodes of a lattice,
and they become selectively tuned to various input patterns (vectors) in the course of a competitive
learning process. The process is characterized by the formation of a topographic map in which the spatial
locations (i.e., coordinates) of the neurons in the lattice correspond to intrinsic features of the input
patterns. Figure 2.10 illustrates the basic idea of an SOM, assuming the use of a two-dimensional lattice
of neurons as the network structure.

In reality, the SOM belongs to the class of vector coding algorithms (Luttrell, 1989); that is, a fixed number
of code words are placed into a higher dimensional input space, thereby facilitating data compression.

An integral feature of the SOM algorithm is the neighborhood function centered around a neuron
that wins the competitive process. The neighborhood function starts by enclosing the entire lattice initially
and is then allowed to shrink gradually until it encompasses the winning neuron.

The algorithm exhibits two distinct phases in its operation:

Discrete
outer space 4

Continuous
input space H

FIGURE 2.10 lllustration of the relationship between feature map ¢ and weight vector w; of winning neuron i.
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1. Ordering phase, during which the topological ordering of the weight vectors takes place
2. Convergence phase, during which the computational map is fine tuned

The SOM algorithm exhibits the following properties:

1. Approximation of the continuous input space by the weight vectors of the discrete lattice

2. Topological ordering exemplified by the fact that the spatial location of a neuron in the lattice
corresponds to a particular feature of the input pattern

3. The feature map computed by the algorithm reflects variations in the statistics of the input
distribution

4. SOM may be viewed as a nonlinear form of principal components analysis

2.6.3 Information-Theoretic Models

Mutual information, defined in accordance with Shannon’s information theory, provides the basis of a
powerful approach for self-organized learning. The theory is embodied in the maximum mutual infor-
mation (Infomax) principle, due to Linsker (1988), which may be stated as follows:

The transformation of a random vector X observed in the input layer of a neural network to a random
vector Y produced in the output layer should be chosen so that the activities of the neurons in the
output layer jointly maximize information about the activities in the input layer. The objective function
to be maximized is the mutual information 1(Y;X) between X and Y.

The Infomax principle finds applications in the following areas:

* Design of self-organized models and feature maps (Linsker, 1989)

« Discovery of properties of a noisy sensory input exhibiting coherence across both space and time
(first variant of Infomax due to Becker and Hinton, 1992)

Dual-image processing designed to maximize the spatial differentiation between the corresponding
regions of two separate images (views) of an environment of interest as in radar polarimetry
(second variant of Infomax due to Ukrainec and Haykin, 1996)

Independent components analysis (ICA) for blind source separation (due to Barlow, 1989); see
also Comon (1994); ICA may be viewed as the third variant of Infomax (Haykin, 1999)

2.6.4 Temporal Processing Using Feedforward Networks

Time is an essential dimension of learning. We may incorporate time into the design of a neural network
implicitly or explicitly. A straightforward method of implicit representation of time is to add a short-
term memory structure at the input end of a static neural network (e.g., multilayer perceptron), as
illustrated in Figure 2.11. This configuration is called a focused time-lagged feedforward network (TLFN).
Focused TLFNs are limited to stationary dynamical processes.

To deal with nonstationary dynamical processes, we may use distributed TLFNs where the effect of
time is distributed at the synaptic level throughout the network. One way in which this may be accom-
plished is to use FIR filters to implement the synaptic connections of an MLP. The training of a distributed
TLFN is naturally a more difficult proposition than the training of a focused TLFN. Whereas we may
use the ordinary BP algorithm to train a focused TLFN, we have to extend the BP algorithm to cope
with the replacement of a synaptic weight in the ordinary MLP by a synaptic weight vector. This extension
is referred to as the temporal BP algorithm due to Wan (1994).

2.6.5 Dynamically Driven Recurrent Networks

Another practical way of accounting for time in a neural network is to employ feedback at the local or
global level. Neural networks so configured are referred to as recurrent networks.
We may identify two classes of recurrent networks:
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y(n)

FIGURE 2.11 TLFN — the bias levels have been omitted for the convenience of presentation.

1. Autonomous recurrent networks exemplified by the Hopfield network (Hopfield, 1982) and brain-
state-in-a-box (BSB) model. These networks are well suited for building associative memories,
each with its own domain of applications. Figure 2.12 shows an example of a Hopfield network
involving the use of four neurons.

2. Dynamically driven recurrent networks are well suited for input-output mapping functions that
are temporal in character.

A A A Ar

.- 1| Unit-delay
:II:Z:I [Z' operators

FIGURE 2.12 Recurrent network with no self-feedback loops and no hidden neurons.
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A powerful approach for the design of dynamically driven recurrent networks with the goal of solving
an input-output mapping task is to build on the state-space approach of modern control theory (Sontag,
1990). Such an approach is well suited for the two network configurations shown in Figures 2.13 and
2.14, which are respectively referred to as a nonlinear autoregressive with exogeneous inputs (NARX) model
and a recurrent multilayer perceptron (RMLP).

To design a dynamically driven recurrent network for input-output mapping, we may use any one of
the following approaches:

* Back-propagation through time (BPTT) involves unfolding the temporal operation of the recurrent
network into a layered feedforward network (Werbos, 1990). This unfolding facilitates the appli-
cation of the ordinary BP algorithm.

+ Real-time recurrent learning adjustments are made (using a gradient-descent method) to the
synaptic weights of a fully connected recurrent network in real time (Williams and Zipser, 1989).

+ An extended Kalman filter (EKF) builds on the classic Kalman filter theory to compute the synaptic
weights of the recurrent network. Two versions of the algorithm are available (Feldkamp and
Puskorius, 1998):

+ Decoupled EKF
+ Global EKF

The decoupled EKF algorithm is computationally less demanding but somewhat less accurate than
the global EKF algorithm.

A serious problem that can arise in the design of a dynamically driven recurrent network is the vanishing
gradients problem. This problem pertains to the training of a recurrent network to produce a desired
response at the current time that depends on input data in the distant past (Bengio et al., 1994). It makes
the learning of long-term dependencies in gradient-based training algorithms difficult if not impossible
in certain cases. To overcome the problem, we may use the following methods:

1. EKF (encompassing second-order information) for training

2. Elaborate optimization methods such as pseudo-Newton and simulated annealing (Bengio et al., 1994)

3. Use of long time delays in the network architecture (Giles et al., 1997)

4. Hierarchically structuring of the network in multiple levels associated with different time scales
(El Hihi and Bengio, 1996)

5. Use of gating units to circumvent some of the nonlinearities (Hochreiter and Schmidhuber, 1997)

2.7 Applications

The ability of an adaptive filter to operate satisfactorily in an unknown environment and track time
variations of input statistics make the adaptive filter a powerful device for signal-processing and control
applications. Indeed, adaptive filters have been successfully applied in such diverse fields as communications,
radar, sonar, seismology, and biomedical engineering. Although these applications are indeed quite different
in nature, nevertheless, they have one basic common feature: an input vector and a desired response are
used to compute an estimation error, which is in turn used to control the values of a set of adjustable filter
coefficients. The adjustable coefficients may take the form of tap weights, reflection coefficients, rotation
parameters, or synaptic weights, depending on the filter structure employed. However, the essential differ-
ence between the various applications of adaptive filtering arises in the manner in which the desired response
is extracted. In this context, we may distinguish four basic classes of adaptive filtering applications, as
depicted in Figure 2.15. For convenience of presentation, the following notations are used in Figure 2.15:

u = input applied to the adaptive filter
y = output of the adaptive filter

d = desired response

e =d -y = estimation error
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FIGURE 2.15 Four basic classes of adaptive filtering applications: (a) class I, identification; (b) class Il, inverse
modeling; (c) class 111, prediction; (d) class 1V, interference canceling.
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The functions of the four basic classes of adaptive filtering applications depicted herein are as follows:

Class I. Identification (Figure 2.15a): The notion of a mathematical model is fundamental to sciences and
engineering. In the class of applications dealing with identification, an adaptive filter is used to
provide a linear model that represents the best fit (in some sense) to an unknown plant. The
plant and the adaptive filter are driven by the same input. The plant output supplies the desired
response for the adaptive filter. If the plant is dynamic in nature, the model will be time varying.

Class 11. Inverse modeling (Figure 15.2b): In this second class of applications, the function of the adaptive
filter is to provide an inverse model that represents the best fit (in some sense) to an unknown
noisy plant. Ideally, in the case of a linear system, the inverse model has a transfer function
equal to the reciprocal (inverse) of the plant’s transfer function, such that the combination of
the two constitutes an ideal transmission medium. A delayed version of the plant (system) input
constitutes the desired response for the adaptive filter. In some applications, the plant input is
used without delay as the desired response.

Class I11. Prediction (Figure 2.15c): Here, the function of the adaptive filter is to provide the best prediction
(in some sense) of the present value of a random signal. The present value of the signal thus
serves the purpose of a desired response for the adaptive filter. Past values of the signal supply
the input applied to the adaptive filter. Depending on the application of interest, the adaptive
filter output or the estimation (prediction) error may serve as the system output. In the first
case, the system operates as a predictor; in the latter case, it operates as a prediction-error filter.

Class IV. Interference canceling (Figure 2.15d): In this final class of applications, the adaptive filter is used
to cancel unknown interference contained (alongside an information-bearing signal component)
in a primary signal, with the cancellation being optimized in some sense. The primary signal
serves as the desired response for the adaptive filter. A reference (auxiliary) signal is employed
as the input to the adaptive filter. The reference signal is derived from a sensor or set of sensors
located in relation to the sensor(s) supplying the primary signal in such a way that the infor-
mation-bearing signal component is weak or essentially undesirable.

In Table 2.3, we have listed some applications that are illustrative of the four basic classes of adaptive
filtering applications. These applications, totaling twelve, are drawn from the fields of control systems,
seismology, electrocardiography, communications, and radar. A selected number of these applications
are described individually in the remainder of this section.

2.7.1 System Identification

System identification is the experimental approach to the modeling of a process or a plant (Goodwin and
Rayne, 1977; Ljung and Séderstrém, 1983; Astrom and Eykhoff, 1971). It involves the following steps:

TABLE 2.3  Applications of Adaptive Filters

Class of Adaptive Filtering Application

I. Identification System identification
Layered earth modeling

I1. Inverse modeling Predictive deconvolution

Adaptive equalization
Blind equalization
I11. Prediction Linear predictive coding
Adaptive differential pulse-code modulation
Autoregressive spectrum analysis
Signal detection
IV. Interference canceling Adaptive noise canceling
Echo cancelation
Adaptive beamforming
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experimental planning, the selection of a model structure, parameter estimation, and model validation. The
procedure of system identification, as pursued in practice, is iterative in nature in that we may have to go
back and forth between these steps until a satisfactory model is built. Here, we discuss briefly the idea of
adaptive filtering algorithms for estimating the parameters of an unknown plant modeled as a transversal filter.

Suppose we have an unknown dynamic plant that is linear and time varying. The plant is characterized
by a real-valued set of discrete-time measurements that describe the variation of the plant output in
response to a known stationary input. The requirement is to develop an on-line transferal filter model for
this plant, as illustrated in Figure 2.16. The model consists of a finite number of unit-delay elements and
a corresponding set of adjustable parameters (tap weights).

Let the available input signal at time n be denoted by the set of samples: u(n), u(n - 1), ..., u(n - M
+ 1), where M is the number of adjustable parameters in the model. This input signal is applied
simultaneously to the plant and the model. Let their respective outputs be denoted by d(n) and y(n).
The plant output d(n) serves the purpose of a desired response for the adaptive filtering algorithm
employed to adjust the model parameters. The model output is given by

M-1

y(n) = Z\ivk(n)u(n—k) (2.18)
k=0

where W, (n), W, (n), ... and W,,_, (n) are the estimated model parameters. The model output y(n) is
compared with the plant output d(n). The difference between them, d(n) — y(n), defines the modeling
(estimation) error. Let this error be denoted by e(n).

Adaptive filter

Transversal filter model y(n)
Wo(n). w1 (N), s « «Wpr1(n)

Adaptive control
algorithm

Dynamic d(n)
plant
u(n), u(n-1), « « «,u(n-M+1)

FIGURE 2.16 System identification.
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Typically, at time n, the modeling error e(n) is non-zero, implying that the model deviates from the
plant. In an attempt to account for this deviation, the error e(n) is applied to an adaptive control algorithm.
The samples of the input signal, u(n), u(n — 1), ..., u(n — M + 1), are also applied to the algorithm. The
combination of the transversal filter and the adaptive control algorithm constitutes the adaptive filtering
algorithm. The algorithm is designed to control the adjustments made in the values of the model
parameters. As a result, the model parameters assume a new net of values for use on the next iteration.
Thus, at time n + 1, a new model output is computed, and with it a new value for the modeling error.
The operation described is then repeated. This process is continued for a sufficiently large number of
iterations (starting from time n = 0), until the deviation of the model from the plant, measured by the
magnitude of the modeling error e(n), becomes sufficiently small in some statistical sense.

When the plant is time varying, the plant output is nonstationary and so is the desired response
presented to the adaptive filtering algorithm. In such a situation, the adaptive filtering algorithm has the
task of not only keeping the modeling error small, but also continually tracking the time variations in
the dynamics of the plant.

2.7.2 Spectrum Estimation

The power spectrum provides a quantitative measure of the second-order statistics of a discrete-time sto-
chastic process as a function of frequency. In parametric spectrum analysis, we evaluate the power spectrum
of the process by assuming a model for the process. In particular, the process is modeled as the output of
a linear filter that is excited by a white-noise process, as in Figure 2.17. By definition, a white-noise process
has a constant power spectrum. A model that is of practical utility is the autoregressive (AR) model, in which
the transfer function of the filter is assumed to consist of poles only. Let this transfer function be denoted by

1
1+a,e’+ ... +aye

1 (2.19)
M

1+ 5 ae
2

where the a, are called the AR parameters, and M is the model order. Let o> denote the constant power
spectrum of the white-noise process v(n) applied to the filter input. Accordingly, the power spectrum of
the filter output u(n) equals

H(e')

—Mw

Sar(®) = G2lH(E™)* (2.20)

We refer to S,p(w) as the AR power spectrum. Equation 2.19 assumes that the AR process u(n) is real,
in which case the AR parameters themselves assume real values.

When the AR model is time varying, the model parameters become time dependent, as shown by
a,(n), a,(n), ..., ay(n). In this case, we express the power spectrum of the time-varying AR process as

2
o
Spr(w, n) = v (2.21)
1+ 5 ae™
2
Whi i
hite Discrete-time Autoregressive
noise — linear filter ™ process
v(n) u(n)

FIGURE 2.17 Black box representation of a stochastic model.
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FIGURE 2.18 Adaptive prediction-error filter for real-valued data.

We may determine the AR parameters of the time-varying model by applying u(n) to an adaptive
prediction-error filter, as indicated in Figure 2.18. The filter consists of a transversal filter with adjustable
tap weights. In the adaptive scheme of Figure 2.18, the prediction error produced at the output of the
filter is used to control the adjustments applied to the tap weights of the filter. The adaptive AR model
provides a practical means for measuring the instantaneous frequency of a frequency-modulated process.
In particular, we may do this by measuring the frequency at which the AR power spectrum S,z(w,n)
attains its peak value for varying time n.

2.7.3 Signal Detection

The detection problem, that is, the problem of detecting an information-bearing signal in noise, may be
viewed as one of hypothesis testing with deep roots in statistical decision theory (Van Trees, 1968). In the
statistical formulation of hypothesis testing, there are two criteria of most interest: the Bayes criterion and
the Neyman-Pearson criterion. In the Bayes test, we minimize the average cost or risk of the experiment of
interest, which incorporates two sets of parameters: (1) a priori probabilities that represent the observer’s
information about the source of information before the experiment is conducted, and (2) a set of costs
assigned to the various possible courses of action. As such, the Bayes criterion is directly applicable to digital
communications. In the Neyman-Pearson test, on the other hand, we maximize the probability of detection
subject to the constraint that the probability of false alarm does not exceed some preassigned value. Accord-
ingly, the Neyman-Pearson criterion is directly applicable to radar or sonar. An idea of fundamental
importance that emerges in hypothesis testing is that for a Bayes criterion or Neyman-Pearson criterion,
the optimum test consists of two distinct operations: (1) processing the observed data to compute a test
statistic called the likelihood ratio and (2) computing the likelihood ratio with a threshold to make a decision
in favor of one of the two hypotheses. The choice of one criterion or the other merely affects the value
assigned to the threshold. Let H, denote the hypothesis that the observed data consist of noise alone, and
let H, denote the hypothesis that the data consist of signal plus noise. The likelihood ratio is defined as the
ratio of two maximum likelihood functions, with the numerator assuming that hypothesis H, is true and
the denominator assuming that hypothesis H, is true. If the likelihood ratio exceeds the threshold, the
decision is made in favor of hypothesis H,; otherwise, the decision is made in favor of hypothesis H;.

In simple binary hypothesis testing, it is assumed that the signal is known and the noise is both white
and Gaussian. In this case, the likelihood ratio test yields a matched filter (matched in the sense that its
impulse response equals the time-reversed version of the known signal). When the additive noise is a
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colored Gaussian noise of known mean and correlation matrix, the likelihood ratio test yields a filter that
consists of two sections: a whitening filter that transforms the colored noise component at the input into
a white Gaussian noise process and a matched filter that is matched to the new version of the known
signal as modified by the whitening filter.

However, in some important operational environments such as communications, radar, and active
sonar, there may be inadequate information on the signal and noise statistics to design a fixed optimum
detector. For example, in a sonar environment it may be difficult to develop a precise model for the
received sonar signal, one that would account for the following factors completely:

* Loss in the signal strength of a target echo from an object of interest (e.g., enemy vessel), due to
oceanic propagation effects and reflection loss at the target

« Statistical variations in the additive reverberation component, produced by reflections of the
transmitted signal from scatterers such as the ocean surface, ocean floor, biologies, and in homo-
geneities within the ocean volume

+ Potential sources of noise such as biological, shipping, oil drilling, and seismic and oceano-
graphic phenomena

In situations of this kind, the use of adaptivity offers a powerful approach to solve difficult signal
detection problems. The particular application we have chosen for our present discussion is the detection
of a small radar target in sea clutter (i.e., radar backscatter from the ocean surface). The radar target is
a small piece of ice called a growler; the portion of which is visible above the sea surface is about the size
of a grand piano. Recognizing that 90% of the volume of ice lies inside the water, a growler can indeed
pose a threat to navigation in ice-infested waters as on the east coast of Canada.

The detection problem described herein is further compounded by the nonstationary nature of both
sea clutter and the target echo from the growler. The strategy we have chosen to solve this difficult signal
detection problem reformulates it into a pattern classification problem for which neural networks are
well suited.

Figure 2.19 shows a block diagram of the detection strategy described in Haykin and Thomson, 1998,
and Haykin and Bhattacharya, 1997. It consists of three functional units:

+ Time-frequency analyzer, which converts the time-varying waveform of the input signal into a
picture with two coordinates, namely, time and frequency

« Feature extractor, the purpose of which is to compress the two-dimensional data produced by the
time-frequency analyzer by extracting a set of features that retain the essential frequency content
of the original signal

« Pattern classifier, which is trained to categorize the set of features applied to its input into
two classes:

1. No target present (i.e., the input signal consists of clutter only)
2. Target present (i.e., the input signal consists of target echo plus clutter)

A signal-processing tool that is well suited for the application described herein is the Wigner-Ville
distribution (WVD) (Cohen, 1995). The time-frequency map produced by this method is highly
dependent on the nature of the input signal. If the input signal consists of clutter only, the resulting
WVD picture is determined entirely by the time-frequency characteristics of sea clutter. Figure 2.20a
shows a typical WVD picture due to sea clutter acting alone. On the other hand, if the input signal
consists of a target echo plus sea clutter, the resulting WVD picture consists of three components: one

Time- Dimensionality| Pattern |y Hypothesis

Recéived | frequency > rfl:duc.ttlli)n classification H is true
. algorithm

Signal representation g Hypothesis

H, is true

FIGURE 2.19 Block diagram of the detection strategy used in a nonstationary environment.
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due to the target echo, one due to clutter in the background, and one (commonly referred to as a
“cross-product term”) due to the interaction between these two components. Ordinarily, the cross-
product terms are viewed as highly undesirable, as they tend to complicate the spectral interpretation
of WVD pictures; indeed, much effort has been expended in the literature to reduce the effects of
cross-product terms. However, in the application of WVD to target detection described herein, the
cross-product terms perform a useful service by enhancing the detection power of the method. In
particular, cross-product terms are there to be seen only when a target is present; they disappear when
the input signal is target free. Figure 2.20b shows a typical WVD picture pertaining to the combined
presence of sea clutter and radar echo from a small growler. The zebra-like pattern (consisting of an
alternating set of dark and light stripes) is due to the cross-product terms. The point to note here is
that the target echo in the original input signal is hardly visible; yet is shows up ever so clearly in the
WVD picture of Figure 2.20b.

For the feature extraction, we may use PCA, which was briefly described in Section 2.6.2.1. Finally,
for pattern classification, we may use a multilayer perceptron trained with the BP algorithm. Design
details of these two functional units and those of the WVD are presented elsewhere (Haykin and Thomson,
1998; Haykin and Bhattacharya, 1997). For the present discussion, it suffices to compare the receiver
operating characteristics of this new radar detection strategy against those of an ordinary constant false
alarm rate (CFAR) receiver. Figure 2.21 presents the results of this comparison using real-life data, which
were collected at a site on the east coast of Canada by means of an instrument-quality radar known as
the IPIX radar (designed and built at McMaster University, Hamilton, Ontario). From Figure 2.21, we
see that for probability of false alarm P, = 10-%, we have the following values for probability of detection:

_a for adaptive receiver based on the detection strategy of Figure 2.19

° Ep.?l for Doppler CFAR receiver

2.7.4 Target Tracking

The objective of tracking is to estimate the state of a target of interest by processing measurements obtained
from the target through the use of sensors and other means. The measurements are noise-corrupted
observables, which are related to the current state of the target. Typically, the state consists of kinematic
components such as the position, velocity, and acceleration of a moving target.

To state the tracking problem in mathematical terms, let the vector x(n) denote the state of a target,
the vector u(n) denote the (known) input or control signal, and the vector y(n) denote the corresponding
measurements obtained from the target. We may then express the state-space equations of the system in
its most generic setting as follows:

x(n+1) = f(n,x(n), u(n), vy(n)) (2.22)

y(n) = h(n, x(n), v,(n)) (223)

where f(QJand h(DJ are vector-valued functions, and v,(n) and v,(n) are noise vectors. The time argument
n indicates that both f(QJand g([) are time varying. Equations 2.22 and 2.23 are referred to as the process
and measurement equations, respectively. The issue of interest is to estimate the state vector x(n), given
the measurement vector y(n).

When the process and measurement equations are both linear, and the process noise vector v,(n) and
measurement noise vector v,(n) are both modeled as zero-mean, white, Gaussian processes that are
statistical independent, the Kalman filter provides the optimum estimate of the state x(n), given y(n)
(Bar-Shalom and Fortmann, 1988). Optimality here refers to minimization of the mean-square error
between the actual motion of the target and the track (i.e., state trajectory) estimated from the measure-
ments associated with the target.
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FIGURE 2.20 (a) WVD for sea clutter; (b) WVD for a barely visible growler. For the images, the horizontal axes are
time in seconds and the vertical axes are frequency in Hertz. Horizontal axes of power spectra are in decibels.

Unfortunately, in many of the radar and sonar target-tracking problems encountered in practice,
the process and measurement equations are nonlinear, and the noise processes corrupting the state
and measured data are non-Gaussian. The traditional approach for dealing with nonlinear dynamics
is to use the EKF, the derivation of which assumes knowledge of the nonlinear functions f(Q) and h(0l
and maintains the Gaussian assumptions about the process and noise vectors. The EKF closely resem-
bles a Kalman filter except for the fact that each step of the standard Kalman filtering algorithm is
replaced by its linearized equivalent (Bar-Shalom and Fortmann, 1988). However, the EKF approach
to target tracking suffers from the following drawbacks when it is applied to an environment with
nonlinear dynamics:
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FIGURE 2.21 Composite receiver operating characteristics.

1. Linearization of the vector-valued functions f([)and h(0) can produce system instability if the time

steps are not sufficiently short in duration.

2. Linearization of the underlying dynamics requires the determination of two Jacobians (i.e., matri-

ces of partial derivatives);

+ Jacobian of the vector-valued function f()} evaluated at the latest filtered estimate of the state at time n
+ Jacobian of the vector-valued function h(D)], evaluated at the one-step predicted estimate of the

state at timen + 1

The determination of these two Jacobians may lead to computational difficulties.

3. The use of a short-time step to avoid system instability, combined with the determination of these
two Jacobians, may impose a high computational overload on the system.

To overcome these shortcomings of the EKF, we may use the unscented Kalman filter (UKF) (Julier
and Uhlmann, 1997; Wan et al., 1999), which is a generalization of the standard linear Kalman filter to
systems whose process and measurement models are nonlinear. The UKF is preferable to the EKF for

solving nonlinear filtering problems for two reasons:

1. The UKF is accurate to the third order for Gaussian-distributed process and measurement errors.
For non-Gaussian distributions, the UKF is accurate to at least the second order. Accordingly, the

UKF provides better performance than the traditional EKF.
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2. Unlike the EKF, the UKF does not require the computation of Jacobians pertaining to process and
measurement equations. It is therefore simpler than the EKF in computational terms.

These are compelling reasons to reconsider the design of tracking systems for radar and sonar systems
using the UKF.

2.7.5 Adaptive Noise Canceling

As the name implies, adaptive noise canceling relies on the use of noise canceling by subtracting noise
from a received signal, an operation controlled in an adaptive manner for the purpose of improved signal-
to-noise ratio. Ordinarily, it is inadvisable to subtract noise from a received signal, because such an
operation could produce disastrous results by causing an increase in the average power of the output
noise. However, when proper provisions are made, and filtering and subtraction are controlled by an
adaptive process, it is possible to achieve a superior system performance compared to direct filtering of
the received signal (Widrow et al., 1975b; Widrow and Stearns, 1985).

Basically, an adaptive noise canceler is a dual-input, closed-loop adaptive feedback system as illustrated
in Figure 2.22. The two inputs of the system are derived from a pair of sensors: a primary sensor and a
reference (auxiliary) sensor. Specifically, we have the following:

1. The primary sensor receives an information-bearing signal s(n) corrupted by additive noise vy(n),
as shown by

d(n) = s(n) +vy(n) (2.24)
The signal s(n) and the noise v,(n) are uncorrelated with each other; that is,
E[s(n)v,(n—=k)] = 0 forall k (2.25)

where s(n) and vy(n) are assumed to be real valued.
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FIGURE 2.22 Adaptive noise cancelation.
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2. The reference sensor receives a noise v,(n) that is uncorrelated with the signal s(n), but correlated
with the noise vy(n) in the primary sensor output in an unknown way; that is,

E[s(n)v,(n—k)] = 0 for all k (2.26)

and

E[vo(n)vi(n—k)] = p(k) (227

where, as before, the signals are real valued, and p(k) is an unknown cross-correlation for lag k.
The reference signal v,(n) is processed by an adaptive filter to produce the output signal

M-1

y(n) = 5 W(nvy(n—k) (2.28)
k=0

where W, (n) is the adjustable (real) tap weights of the adaptive filter. The filter output y(n) is subtracted
from the primary signal d(n), serving as the “desired” response for the adaptive filter. The error signal
is defined by

e(n) = d(n)-y(n) (2.29)
Thus, substituting Equation 2.22 into Equation 2.28, we get

e(n) = s(n) +vo(n) —y(n) (2:30)

The error signal is, in turn, used to adjust the tap weights of the adaptive filter, and the control loop
around the operations of filtering and subtraction is thereby closed. Note that the information-bearing
signal s(n) is indeed part of the error signal e(n), as indicated in Equation 2.30.

The error signal e(n) constitutes the overall system output. From Equation 2.30, we see that the
noise component in the system output is vy(n) — y(n). Now the adaptive filter attempts to minimize
the mean-square value (i.e., average power) of the error signal e(n). The information-bearing signal
s(n) is essentially unaffected by the adaptive noise canceler. Hence, minimizing the mean-square value
of the error signal e(n) is equivalent to minimizing the mean-square value of the output noise v,(n)
—y(n). With the signal s(n) remaining essentially constant, it follows that the minimization of the mean-
square value of the error signal is indeed the same as the maximization of the output signal-to-noise ratio
of the system.

The signal-processing operation described herein has two limiting cases that are noteworthy:

1. The adaptive filtering operation is perfect in the sense that

y(n) = vo(n)

In this case, the system output is noise free, and the noise cancelation is perfect. Correspondingly,
the output signal-to-noise ratio is infinitely large.

2. The reference signal v,(n) is completely uncorrelated with both the signal and noise components
of the primary signal d(n); that is,

E[d(n)v,(n—=k)] = 0 forall k
In this case, the adaptive filter “switches itself off,” resulting in a zero value for the output y(n).

Hence, the adaptive noise canceler has no effect on the primary signal d(n), and the output signal-
to-noise ratio remains unaltered.
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The effective use of adaptive noise canceling therefore requires that we place the reference sensor in
the noise field of the primary sensor with two specific objectives in mind. First, the information-bearing
signal component of the primary sensor output is undetectable in the reference sensor output. Second,
the reference sensor output is highly correlated with the noise component of the primary sensor output.
Moreover, the adaptation of the adjustable filter coefficients must be near optimum.

In the remainder of this section, we described three useful applications of the adaptive noise canceling
operation:

1. Canceling 60-Hz interference in electrocardiography: In electrocardiography (ECG) commonly
used to monitor heart patients, an electrical discharge radiates energy through human tissue
and the resulting output is received by an electrode. The electrode is usually positioned in such
a way that the received energy is maximized. Typically, however, the electrical discharge involves
very low potentials. Correspondingly, the received energy is very small. Hence, extra care has
to be exercised in minimizing signal degradation due to external interference. By far, the
strongest form of interference is that of a 60-Hz periodic waveform picked up by the receiving
electrode (acting like an antenna) from nearby electrical equipment (Huhta and Webster, 1973).
Needless to say, this interference has undesirable effects in the interpretation of electrocardio-
grams. Widrow et al. (1975b) have demonstrated the use of adaptive noise canceling (based
on the LMS algorithm) as a method for reducing this form of interference. Specifically, the
primary signal is taken from the ECG preamplifier, and the reference signal is taken from a
wall outlet with proper attenuation. Figure 2.23 shows a block diagram of the adaptive noise
canceler used by Widrow et al. (1975b). The adaptive filter has two adjustable weights, W, (n)
and W, (n). One weight, W, (n), is fed directly from the reference point. The second weight,
W, (n), is fed from a 90° phase-shifted version of the reference input. The sum of the two
weighted versions of the reference signal is then subtracted from the ECG output to produce
an error signal. This error signal together with the weighted inputs are applied to the LMS
algorithm, which, in turn, controls the adjustments applied to the two weights. In this appli-
cation, the adaptive noise canceler acts as a variable “notch filter” The frequency of the
sinusoidal interference in the ECG output is presumably the same as that of the sinusoidal
reference signal. However, the amplitude and phase of the sinusoidal interference in the ECG
output are unknown. The two weights, W, (n) and W, (n), provide the two degrees of freedom
required to control the amplitude and phase of the sinusoidal reference signal so as to cancel
the 60-Hz interference contained in the ECG output.

2. Reduction of acoustic noise in speech: At a noisy site (e.g., the cockpit of a military aircraft),
voice communication is affected by the presence of acoustic noise. This effect is particularly
serious when linear predictive coding (LPC) is used for the digital representation of voice
signals at low bit rates; LPC was discussed earlier. To be specific, high-frequency acoustic noise
severely affects the estimated LPC spectrum in both the low- and high-frequency regions.
Consequently, the intelligibility of digitized speech using LPC often falls below the minimum
acceptable level. Kang and Fransen (1987) describe the use of an adaptive noise canceler, based
on the LMS algorithm, for reducing acoustic noise in speech. The noise-corrupted speech is
used as the primary signal. To provide the reference signal (noise only), a reference microphone
is placed in a location where there is sufficient isolation from the source of speech (i.e., the
known location of the speaker’s mouth). In the experiments described by Kang and Fransen,
a reduction of 10 to 15 dB in the acoustic noise floor is achieved without degrading voice
quality. Such a level of noise reduction is significant in improving voice quality, which may be
unacceptable otherwise.

3. Adaptive speech enhancement: Consider the situation depicted in Figure 2.24. The requirement
is to listen to the voice of the desired speaker in the presence of background noise, which may
be satisfied through the use of the adaptive noise canceling. Specifically, reference microphones
are added at locations far enough away from the desired speaker such that their outputs
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FIGURE 2.23 Adaptive noise canceler for suppressing 60-Hz interference in ECG. (After Widrow et al., 1975b.)
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contain only noise. As indicated in Figure 2.24, a weighted sum of the auxiliary microphone
outputs is subtracted from the output of the desired speech-containing microphone, and an
adaptive filtering algorithm (e.g., the LMS algorithm) is used to adjust the weights so as to
minimize the average output power. A useful application of the idea described herein is in
the adaptive noise cancelation for heating aids” (Chazan et al., 1988). The so-called “cocktail
party effect” severely limits the usefulness of hearing aids. The cocktail party phenomenon
refers to the ability of a person with normal hearing to focus on a conversation taking place
at a distant location in a crowded room. This ability is lacking in a person who wears hearing
aids because of extreme sensitivity to the presence of background noise. This sensitivity is
attributed to two factors: (1) the loss of directional cues and (2) the limited channel capacity
of the ear caused by the reduction in both dynamic range and frequency response. Chazan et
al. (1988) describe an adaptive noise-canceling technique aimed at overcoming this problem.
The technique involves the use of an array of microphones that exploit the difference in spatial
characteristics between the desired signal and the noise in a crowded room. The approach
taken by Chazan et al. is based on the fact that each microphone output may be viewed as
the sum of the signals produced by the individual speakers engaged in conversations in the
room. Each signal contribution in a particular microphone output is essentially the result of
a speaker’s speech signal having passed through the room filter. In other words, each speaker
(including the desired speaker) produces a signal at the microphone output that is the sum
of the direct transmission of his/her speech signal and its reflections from the walls of the
room. The requirement is to reconstruct the desired speaker signal, including its room rever-
berations, while canceling out the source of noise. In general, the transformation undergone
by the speech signal from the desired speaker is not known. Also, the characteristics of the
background noise are variable. We thus have a signal-processing problem for which adaptive
noise canceling offers a feasible solution.

))) Primary microphone
Desired
speaker

>
’ .
it s e

speech

Source of
background
noise

Reference
microphones

Adaptive
> filtering
algorithm

FIGURE 2.24 Block diagram of an adaptive noise canceler for speech.

* This idea is similar to that of adaptive spatial filtering in the context of antennas, which is considered later in
this section.
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2.7.6 Adaptive Beamforming

For our last application, we describe a spatial form of adaptive signal processing that finds practical use
in radar, sonar, communications, geophysical exploration, astrophysical exploration, and biomedical
signal processing.

In the particular type of spatial filtering of interest to us in this book, a number of independent sensors
are placed at different points in space to “listen” to the received signal. In effect, the sensors provide a
means of sampling the received signal in space. The set of sensor outputs collected at a particular instant
of time constitutes a snapshot. Thus, a snapshot of data in spatial filtering (for the case when the sensors
lie uniformly on a straight line) plays a role analogous to that of a set of consecutive tap inputs that exist
in a transversal filter at a particular instant of time.”

In radar, the sensors consist of antenna elements (e.g., dipoles, horns, slotted waveguides) that respond
to incident electromagnetic waves. In sonar, the sensors consist of hydrophones designed to respond to
acoustic waves. In any event, spatial filtering, known as beamforming, is used in these systems to distin-
guish between the spatial properties of signal and noise. The device used to do the beamforming is called
a beamformer. The term “beamformer” is derived from the fact that the early forms of antennas (spatial
filters) were designed to form pencil beams, so as to receive a signal radiating from a specific direction
and attenuate signals radiating from other directions of no interest (Van Veen and Buckley, 1988). Note
that the beamforming applies to the radiation (transmission) or reception of energy.

In a primitive type of spatial filtering, known as the delay-and-sum beamformer, the various sensor
outputs are delayed (by appropriate amounts to align spatial components coming from the direction
of a target) and then summed, as in Figure 2.25. Thus, for a single target, the average power at the
output of the delay-and-sum beamformer is maximized when it is steered toward the target. A major
limitation of the delay-and-sum beamformer, however, is that it has no provisions for dealing with
sources of interference.

Array of Delay
sensors elements

Delay 1, >

z Output

Delay 1,, >

>_.
>_> Delay T, .
D_.

FIGURE 2.25 Delay-and-sum beamformer.

*“ For a discussion of the analogies between time- and space-domain forms of signal processing, see Bracewell
(1978) and Van Veen and Buckley (1988).
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In order to enable a beamformer to respond to an unknown interference environment, it has to be
made adaptive in such a way that it places nulls in the direction(s) of the source(s) of interference
automatically and in real time. By so doing, the output signal-to-noise ratio of the system is increased,
and the directional response of the system is thereby improved. In the next section, we consider two
examples of adaptive beamformers that are well suited for use with narrowband signals in radar and
sonar systems.

2.7.6.1 Adaptive Beamformer with Minimum-Variance Distortionless Response

Consider an adaptive beamformer that uses a linear array of M identical sensors, as in Figure 2.26. The
individual sensor outputs, assumed to be in baseband form, are weighted and then summed. The beam-
former has to satisfy two requirements: (1) a steering capability whereby the target signal is always protected,
and (2) the effects of sources of interference whereby the effects are minimized. One method of providing
for these two requirements is to minimize the variance (i.e., average power) of the beamformer output,
subject to the constraint that during the process of adaptation the weights satisfy the condition

w'(n)s(p) =1 forallnand o=@ (2.31)

where w(n) is the M x 1 weight vector, and s(¢) is an M x 1 steering vector. The superscript H denotes
Hermitian transposition (i.e., transposition combined with complex conjugation). In this application,
the baseband data are complex valued, hence the need for complex conjugation. The value of the electrical
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FIGURE 2.26 Adaptive beamformer for an array of five sensors. The sensor outputs (in baseband form) are complex
valued; hence the weights are complex valued.
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angle @ = @ is determined by the direction of the target. The angle @is itself measured with sensor 1 (at
the top end of the array) treated as the point of reference.
The dependence of vector s(¢) on the angle @ is defined by

s(@) = [1,e7% ... eM-9T

The angle @is itself related to incidence angle 6 of a plane wave, measured with respect to the normal
to the linear array, as follows:”

Q= 2%llsine (2.32)

where d is the spacing between adjacent sensors of the array and A is the wavelength (see Figure 2.27).
The incidence angle 6 lies inside the range —1/2 to TW2. The permissible values that the angle ¢ may

Incident
plane
wave

Sensor 1

Spatial delay

dsin 6
\ 0 Y
Normal to B Phd
the array P
Sensor 2
Line of
the array

FIGURE 2.27 Spatial delay incurred when a plane wave impinges on a linear array.

* When a plane wave impinges on a linear array as in Figure 2.27, there is a spatial delay of d sin 6 between the
signals received at any pair of adjacent sensors. With a wavelength of A, this spatial delay is translated into an electrical
angular difference defined by @ = 21i(d sin 6/A).
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assume lie inside the range —ttto 1t This means that we must choose the spacing d < A/2, so that there
is a one-to-one correspondence between the values of 8 and @ without ambiguity. The condition d < A/2
may be viewed as the spatial analog of the sampling theorem.

The imposition of the signal-protection constraint in Equation 2.31 ensures that, for a prescribed look
direction, the response of the array is maintained as constant (i.e., equal to 1), no matter what values
are assigned to the weights. An algorithm that minimizes the variance of the beamformer output, subject
to this constraint, is therefore referred to as the minimum-variance distortionless response (MVDR)
beamforming algorithm (Capon, 1969; Owsley, 1985). The imposition of the constraint described in
Equation 2.31 reduces the number of “degrees of freedom” available to the MVDR algorithm to M — 2,
where M is the number of sensors in the array. This means that the number of independent nulls produced
by the MVDR algorithm (i.e., the number of independent interferences that can be canceled) is M — 2.

The MVDR beamforming is a special case of linearly constrained minimum variance (LCMV) beam-
forming. In the latter case, we minimize the variance of the beamformer output, subject to the constraint

w'(n)s(p) =g forallnand @= @ (2.33)

where g is a complex constant. The LCMV beamformer linearly constraints the weights, such that any
signal coming from electrical angle ¢ is passed to the output with response (gain) g. Comparing the
constraint of Equation 2.31 with that of Equation 2.33, we see that the MVDR beamformer is indeed a
special case of the LCMV beamformer for g = 1.

2.7.6.2 Adaptation in Beam Space

The MVDR beamformer performs adaptation directly in the data space. The adaptation process for
interference cancelation may also be performed in beam space. To do so, the input data (received by the
array of sensors) are transformed into the beam space by means of an orthogonal multiple beamforming
network, as illustrated in the block diagram of Figure 2.28. The resulting output is processed by a multiple
sidelobe canceler so as to cancel interference(s) from unknown directions.

The beamforming network is designed to generate a set of orthogonal beams. The multiple outputs of
the beamforming network are referred to as beam ports. Assume that the sensor outputs are equally
weighted and have a uniform phase. Under this condition, the response of the array produced by an
incident plane wave arriving at the array along direction 6, measured with respect to the normal to the
array, is given by

N
A(p, a) = e (2.34)
2,

where M = (2N + 1) is the total number of sensors in the array, with the sensor at the midpoint of the
array treated as the point of reference. The electrical angle @ is related to 8 by Equation 2.32, and a is a
constant called the uniform phase factor. The quantity A(g, a) is called the array pattern. For @ = A/2,
we find from Equation 2.31 that

@ = Tin 6

Summing the geometric series in Equation 2.34, we may express the array pattern as

sinE(ZN +1) (- a)}
A, 0) = (2.35)

sl
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FIGURE 2.28 Block diagram of adaptive combiner with fixed beams; owing to the symmetric nature of the multiple

beamforming network, final values of the weights are real valued.

By assigning different values to a, the main beam of the antenna is thus scanned across the range
—Tt< @ < Tt To generate an orthogonal set of beams equal to 2N in number, we assign the following
discrete values to the uniform phase factor

o= K, k = 1,43, ...,+2N -1 (2.36)

Figure 2.29 illustrates the variations of the magnitude of the array pattern A(g,a) with @ for the case
of 2N + 1 =5 elements and a = £317/5, +317/5. Note that owing to the symmetric nature of the beamformer,
the final values of the weights are real valued.

The orthogonal beams generated by the beamforming network represent 2N independent look direc-
tions, one per beam. Depending on the target direction of interest, a particular beam in the set is identified
as the main beam and the remainder are viewed as auxiliary beams. We note from Figure 2.29 that each
of the auxiliary beams has a null in the look direction of the main beam. The auxiliary beams are adaptively
weighted by the multiple sidelobe canceler so as to form a cancelation beam that is subtracted from the
main beam. The resulting estimation error is fed back to the multiple sidelobe canceler so as to control
the corrections applied to its adjustable weights.

Since all the auxiliary beams have nulls in the look direction of the main beam, and the main beam
is excluded from the multiple sidelobe canceler, the overall output of the adaptive beamformer is
constrained to have a constant response in the look direction of the main beam (i.e., along the direction
of the target). Moreover, with (2N — 1) degrees of freedom (i.e., the number of available auxiliary
beams), the system is capable of placing up to (2N — 1) nulls along the (unknown) directions of
independent interferences.

Note that with any array of (2N + 1) sensors, we may produce a beamforming network with (2N +
1) orthogonal beam ports by assigning the uniform phase factor the following set of values:
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a = k=0%2,.. %N (2.37)

In this case, a small fraction of the main lobe of the beam port at either end lies in the nonvisible
region. Nevertheless, with one of the beam ports providing the main beam and the remaining 2N
ports providing the auxiliary beams, the adaptive beamformer is now capable of producing up to 2N
independent nulls.

2.8 Concluding Remarks

Adaptive signal processing, be it in time, space, or space time, is essential to the design of modern radar,
sonar, and biomedical imaging systems. We say so for the following reasons:
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* The underlying statistics of the signals of interest may be unknown, which makes it difficult, if
not impossible, to design optimum filters by classical methods. An adaptive signal processor
overcomes this difficulty by learning the underlying statistics of the environment in an on-line
fashion, off-line fashion, or combination thereof.

« Signals generated by radar, sonar, and biomedical systems are inherently nonstationary. Adaptive
signal processing provides an elegant approach to deal with nonstationary phenomena by adjusting
the free parameters of a filter in accordance with prescribed algorithms.

In this chapter, we have presented a guided tour of adaptive systems for signal processing by focusing
attention on the following issues:

« Linear adaptive systems, exemplified by the LMS and RLS algorithms. The LMS algorithm is simple
to design but slow to converge. The RLS algorithm, in contrast, is complex but fast to converge.
When the adaptive filtering is of a temporal kind, the complexity of the RLS algorithm can be
reduced significantly by exploiting the time-shifting property of the input signals. For details, see
Haykin (1996).

Nonlinear adaptive systems, exemplified by neural networks. This class of adaptive systems takes
many different forms. The network can be of the feedforward type, which is exemplified by
multilayer perceptrons and RBF networks. For the design of multilayer perceptrons, we can use
the BP algorithm, which is a generalization of the LMS algorithm. A more principled approach
for the design of multilayer perceptrons and RBF networks is to use SVM theory pioneered by
Vapnik and co-workers (Vapnik, 1998). Another important type of neural network involves the
abundant use of feedback, which is exemplified by Hopfield networks and dynamically driven
recurrent networks. The state-space approach of the modern control theory provides a powerful
basis for the design of dynamically driven recurrent networks, so as to synthesize input-output
mappings of interest.

The choice of one of these adaptive systems over another can only be determined by the application
of interest.

To motive the study of these two broadly defined classes of adaptive systems, we described five different
applications:

+ System identification
* Spectrum estimation
+ Noise cancellation

+ Signal detection

* Beamforming

The need for each and every one of these applications arises in radar, sonar, and medical imaging
systems in a variety of different ways, as illustrated in the subsequent chapters of the book.
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Abstract

There are a number of engineering applications in which a function should be estimated from data.
Mixtures of distributions, especially Gaussian mixtures, have been used extensively as models in such
problems where data can be viewed as arising from two or more populations mixed in varying propor-
tions.:2 The objective of this chapter is to highlight the use of mixture models as a way to provide efficient
and accurate solutions to problems of important engineering significance. Using the Gaussian mixture
formulation, problems are treated from a global viewpoint that readily yields and unifies previous,
seemingly unrelated results. This chapter reviews the existing methodologies, examines current trends,
provides connections with other methodologies and practices, and discusses application areas.

3.1 Introduction

Central to unsupervised learning in adaptive signal processing, stochastic estimation, and pattern recog-
nition is the determination of the underlying probability density function of the quantity of interest
based on available measurement data.* If no a priori knowledge of the functional form of the requested
density is available, non-parametric techniques should be used. Therefore, over the years a number of
techniques ranging from data histograms and kernel estimators to neural network and fuzzy system-
based approximators have been proposed.*”® On the other hand, if some impartial a priori knowledge
regarding the data characteristics is available, the requested probability function is assumed to be of a
known functional form, but with a set of unknown parameters. The parameterized function provides a
partial description where the full knowledge of the underlying phenomenon is achieved through the
specific values of the parameters.

Let x be a d-dimensional vector with a probability distribution F(x) and a probability density f(x). In
most engineering problems, a density such as the multi-dimensional Gaussian is assumed. More often,
families of parametric distributions are used.* In this case, the family is considered to be a linear
combination of given distributions. This family is often called parametric since its members can be
characterized by a finite number of parameters.?-121518.23-26

The family of distributions considered in this chapter can be defined as

® = [F(x|6); 60O (3.1)

Suppose that a sequence of random identically distributed observation’s x,, X, ..., X, are drawn from
F(x| 6 ) with 6 unknown to the observer. An estimate of the unknown parameter [} WhICh can be obtained
as a function of the observations can be used to completely characterize the mixture,10.16:18

Let us assume that associated with each one of the random samples x;, X,, ... is a probability distribution
with the possibility of some of the samples being from F(x|6%), some from F(x|6?), etc., where 6%, 62 are

©2001 CRC PressLLC



different realizations of the unknown parameter 6. In other words, any sample x could be from any of
the member distributions in the parametric family ®.5 Defining a mixing distribution G(8), which
describes the probability that point 8 characterizes the mixture, the sample x can be considered as having
a distribution

H(X) = [F(x|6)dG(0) (3.2)

which is called a mixture. In most engineering applications, a finite number of points 6%, 82, ..., 69 are
assumed. Then the mixing distribution is expressed as

Ng

G(0) = ZP(ei)B(e—ei) (3.3)

Substituting Equation 3.3 into the mixture expression of Equation 3.2, the finite mixture

Ng

H(x) =y F(x|6)P(8) (34)

i=1

can be obtained. The parameter points used to discretize the mixture can be known a priori with the only
unknown elements in the Equation 3.4 being the mixing parameters P(6'). In such a scenario, the distri-
butions used in the mixture (basis functions) are determined a priori. Thus, only the mixture coefficients
are fit to the observations, usually through the minimization of an error criterion. Alternatively, the basis
functions themselves (through their parameters) are adapted to the data in addition to the mixing coeffi-
cients. In such a case, the optimization of the mixture parameters becomes a difficult non-linear problem,
and the type of the basis function selected as well as the type of the optimization strategy used becomes
very important. Because of their simplicity, Gaussian densities are most often used as basis functions.®

The discussion in this chapter is intended to provide a perspective on the Gaussian mixture
approach to developing solutions and methodologies for signal processing problems. We will discuss
in detail a number of engineering areas of application of finite Gaussian mixtures. In engineering
applications, the finite mixture representation can be used to (1) directly represent the underlying
physical phenomenon, e.g., tracking in a multi-target environment, medical diagnosis, etc., and (2)
indirectly model underlying phenomena that do not necessarily have a direct physical interpretation,
e.g., outlier modeling in communication channels. The problem of tracking a target using polar
coordinate measurements is used here to demonstrate the applicability of the Gaussian mixture model
to model an actual physical phenomenon. The process of tracking a target involves the reception and
processing of received signals. The Gaussian mixture model is used to approximate the densities
involved in the derivation of the optimal Bayesian estimator needed to provide reliable and cost-
effective estimates of the state of the system. In addition, we also discuss in detail the problem of
narrowband interference suppression as an example of indirect application of the Gaussian mixture
model. Spread-spectrum communication systems often use estimation techniques to reject narrow-
band interference. The basic assumption is that the direct sequence spread-spectrum signal along
with the background noise can be viewed as non-Gaussian measurement noise. The Gaussian mixture
framework is then used to model the non-Gaussian measurement channels. Similar treatment of
signals can easily be extended to any application subject to non-linear effects of non-Gaussian
measurements, e.g., biomedical systems. For example, Gaussian mixtures have been used to model
random noise, magnetic field inhomogeneities, and biological variations of the tissue in magnetic
resonance imaging (MRI) as well as computerized tomography (CT).27-%0

After a brief review of the mathematical aspects of Gaussian mixtures, three methodologies for estimating
mixture parameters are discussed. Particular emphasis is placed on the expectation/maximization (EM)
algorithm and its applicability to the problem of adaptive mixture parameter determination. Computational
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issues are also analyzed with emphasis on the computer generation of mixture variables. Then the framework
is applied to two problems, and numerical results are presented. The results included in this chapter are
meant to be illustrative rather than exhaustive. Finally, to demonstrate the versatility and the powerful
nature of the framework, connections with other research areas are drawn, with particular emphasis on the
connection between Gaussian mixtures and the radial-basis functions (RBF) networks.

3.2 Mathematical Aspects of Gaussian Mixtures

3.2.1 The Approximation Theorem

In an adaptive signal processing, unsupervised learning environment, the usefulness of the Gaussian
mixture model depends on two factors: (1) whether or not the approximation is sufficiently powerful to
represent a broad class of density functions, most notably those that are encountered in engineering
applications, and (2) if such an approximation can be obtained in a reasonable manner through a
parameter estimation scheme which allows the user to compute the optimal values of the mixture
parameters from a finite set of data samples.51351-53

Regarding the first factor, a Gaussian mixture can be constructed to approximate any given density. This
can be proven by utilizing the Wiener’s theorem of approximation or by considering delta functions of a
positive type. This methodology, first presented in References 8 and 51, is reviewed in this chapter. The resulting
class of density functions is rich enough to approximate all density functions of engineering interests.85

We start reviewing the methodology by briefly discussing the characteristics and properties of delta
functions. Delta families of positive type are families of functions which converge to a delta (impulse)
function as a parameter characterizing the family converging to a limit value. Specifically, let &, be a
family of functions on the interval (o, ) which are integrable over every interval. This is called a delta
family of positive type if the following conditions are satisfied:

1 [58,()dx — Aas A — A, for some a.
2. For every constant y > 0, 8, tends to zero uniformly for y< |x| < e asA - A,.
3. ,(x) =0 for all x and A.

If such a function is required to satisfy the condition that

Iw 5,0)dx = 1 (3.5)

then it defines a probability density function for all A. It can seen by inspection that the Gaussian density
tends to the delta function as the variance tends to zero and, therefore, can be used as a basis function
for approximation purposes.5t73

Using the delta families, the following result can be used for the approximation of an arbitrary density
function p.

The sequence p,(x), which is formed by the convolution of 3, and p,

pA(x) = jiax(x—u)p(u)du (3.6)

converges uniformly to p(x) on every interior subinterval of (—co, o).

When the density p has a finite number of discontinuities, Equation 3.6 holds true except at the points
of discontinuity. Since the Gaussian density can be used as a delta family of positive type, the approxi-
mation p, can be written as follows:

P00 = [ Ny(x—u)p(u)d (37)
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which forms the basis for the Gaussian sum approximation. The term 9,(x — u)p(u) is integrable on
(—o0, ), and it is at least piecewise continuous. Thus, p,(x) itself can be approximated on any finite
interval by a Riemann sum. In particular, if a bounded interval (a, b) is considered, the function is
given as

Pral) = £ 3 Nax—X)[E . (38)

where the interval (a, b) is divided into n subintervals by selecting points such that

a=§<&<EH< < =D (3.9)

In each such subinterval, a point x; is chosen such as

&
P)[&i—&i—d = JZE_ p(x)dx (3.10)

which is possible by the mean value theorem. The normalization constant k ensures that the density p, ,
is a density function.
Consequently, an approximation of p, over some bounded interval (a, b) can be written as

Pan(X) = ZWiNci(X_Xi) (3.11)

where Zi":lwi = 1 andw; =0 foralli.
The Telation between Equations 3.10 and 3.11 is obvious by inspection. However, in Equation 3.11,
the variance g; can vary from one term to another. This has been done to obtain greater flexibility for
an approximation using Gaussian mixtures with a finite number of terms. As the number of terms in
the mixture increases, it is necessary to require that o; become equal and vanish.
Under this framework, an unknown d-dimensional distribution (density function) can be expressed

as a linear combination of Gaussian terms. The form of the approximation is as follows:
Ng
P(x) = S N b, ) (3.12)
i=1

where N(.) represents a d-dimensional Gaussian density defined as

N(x; 1, Z) = 55 EXP(-0.5(x — ) =7 (x— ) (3.13)

1
(23]
where 1, Y are the mean and covariance of the Gaussian basis functions and w; in Equation 3.12 is the

it mixing coefficient (weight) with the assumption that w, >0, 0, = 1, 2, ..., Ng, and zi“':glwi =1.

3.2.2 The Identifiability Problem

The problem most often encountered in the context of finite mixtures is that of identifiability meaning
the uniqueness of representation in the mixture.2-2231 If the Gaussian mixture of Equation 3.12 is
identifiable, then
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ZwiF(x\Gi) = Zw;F(x\ei) (3.14)
i=1 j=1

implies that

1. M=M
2. Foreach i, 1 <i< M, there exists uniquely j, 1 < j < M’ such that w; = w;" and F(x|8") = F(x|8)

There exists extensive literature on the problem of mixture identifiability. A necessary and sufficient
condition that the class ® of all finite mixtures be identifiable is that ® be a linearly independent set
over the field of real numbers.5203! Using the above conditions, the identifiability of several common
distribution functions has been investigated. Among the class of all finite mixtures, that of Gamma
distributions, the one-dimensional Cauchy distribution, the one-dimensional Gaussian family, and the
multi-dimensional Gaussian family are identifiable.

The following theorem discusses the identifiability problem.?23t

Theorem
A necessary and sufficient condition that the class of all finite mixtures of the family O be identifiable
is that F be a linearly independent set over the field of real numbers.

Proof
Necessity: Letdzi“": L1 OiFi =0 Ox, where a; real numbers are a linear relation in 0. Assume that the a;'s
are subscripted 50 that a; < 0 if i < N. We then have

N M N M
ZaiFi+ z aF;, =0- z\ai\Fi = z |ai|F;
i=1 i=N+1 i=1 i=N+1
Since the F, are distribution functions d.f or c.d.f, F,(e) = 1. Thus,
N M
Z\ai\: z o] = b>0
i=1 i=N+1

Since by definition w; > 0 and Z.N= 1Wi1 = Z.M= v Wi = 1, the coefficients satisfy the requirements
for mixing parameters.

The relation Z:\': lWilFi = :V': n + 1 WiF; asserts that there exist two distinct representations of a finite
mixture so that Teph cannot béTdentifiable.

Since the proof of necessity requires that O is identifiable, we are led to a contradiction which follows
from assuming that the members of the family are linearly dependent. Consequently, the conclusion
follows that the members of the family form a linearly independent set over the field of real numbers.

Sufficiency: If a given mixture is a linear independent set, then it can be considered as a basis which
spans the family O. If there were two distinct representations of the same mixture, this would contradict
the unique representation property of a basis. This does not mean that there exists only one representation
of the mixture, but rather that given a basis which spans the family consisting of (Fi)iM: 1, the relation
Z?‘: lwilFi = Z'M: n+1WiFi implies always that w = w;. The unique representation property of a basis
alfows the conclusion that if F is a linearly independent set, then it is sufficient for identifiability.
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The problem of identifiability is of significant practical importance in all practical applications of
mixtures. Without resolving the problem of the unique characterization of the mixture model, a reliable
estimation procedure to determine its parameters cannot be defined. There are many classes of mixture
models in which we are unable to define a unique representation. A simple example of such a non-
identifiable mixture is the uniform distribution which can be expressed as a mixture of two other uniform
distributions, e.g., U(x; 0.5, 0.5) = 0.5U(x; 0.25, 0.25) + 0.5U(x; 0.75, 0.25). However, by utilizing the
theorems summarized above, it has been proven that the class of all finite mixtures of Gaussian (normal)
distributions is identifiable.t5

3.3 Methodologies for Mixture Parameter Estimation

The problem of determining the parameters of the mixture to best approximate a given density function
can be solved in more than one way. There exists considerable literature on mixture parameter estimation
with a variety of different approaches ranging from the moments method,* to the moment generation
function,® graphical methods,*” Bayesian methods,® and the different variations of the maximum likeli-
hood method.141032 In this chapter, we will concentrate on the maximum likelihood approach.

There are two different methodologies in estimating the parameters of the Gaussian mixture by using
the maximum likelihood principle. The first approach is the iterative one, in which the parameter values
are refined by processing the data iteratively. Alternatively, one can use a recursive approach, refining
the mixture parameter values with each new available data value. A recursive procedure requires that
the latest value of a parameter within the mixture model depends only on the previous value of the
estimate and the current data sample. Generally speaking, an iterative procedure will produce better
results than a recursive one. On the other hand, the recursive parameter estimator is usually much faster
than the iterative one. In the case of Gaussian mixture approximation, we are interested in estimating
from the data the mixing coefficients (weights) and, if needed, the first two moments of the Gaussian
basis functions.

The method of choice for the estimation of the Gaussian mixture parameters is currently the EM
algorithm.®23 This is an iterative procedure which starts with an initial estimate of the mixture’s param-
eters. Based on that initial guess, the method constructs a sequence of estimates by first evaluating the
expectation of the log likelihood of the current estimate and then proceeds by determining the new
parameter value which maximizes this expectation. Although the EM methodology is most often used,
we continue our analysis by reviewing first the classical maximum likelihood approach to the problem
of mixture parameter estimation. In this approach, estimates of the mixture parameters are obtained by
maximizing the marginal likelihood function of (n) independent observations drawn from the mixture.
A detailed description of the method follows in the next section.

3.3.1 The Maximum Likelihood Approach

Let us assume that a set of unlabeled data samples (x;, X,, ..., X,) are drawn from a Gaussian mixture
density

Ng

PX) = 3 P(@)P(x[w) = F 1 wN(x, 8) (3.5)

with i”:g , 0 =1, 20foralli,and 6 the unknown parameter vector which summarizes the uncertainty
on themean value and the variance (covariance) of the Gaussian basis function. By applying the Bayes
rule, the following relation holds:

plan)p(xjuy) _  wiN(x, 6;)
p(x) ZN wN(x, )

i=1

pwy|x) = (3.16)
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We are seeking parameters 8 and w which minimize the log likelihood of the available samples:

n

logA\ = logp(xy) 3.17)
2

Using Lagrange multipliers, Equation 3.17 can be rewritten as follows:

. i ! 0
logA = Zlogp(xk)—)\EZwi—ll] (3.18)
k= =1 D

1

Taking the partial derivative with respect to w, and setting it equal to 0, we have the following
expression:

@ = %k;pmxk) (319)

To obtain estimates of the generic basis parameter 6, the partial derivative with respect to 6 is set equal
to O:

S p(63[x)2N(, 8) = 0 (320)
k=1 !

For the case of a multi-dimensional Gaussian density, the parameter vector 0 is comprised of the mean
value and the covariance matrix. Taking together the partial derivatives of the logarithm with respect to
their elements, we have the following relations:

o = EE:lp(wi‘Xk)Xk (3.21)

I :zlp(@i\xk)
>

D S G DN CA )
z::lp(wi‘xk)

The systems of Equations 3.16, 3.21, and 3.22 can be solved using iterative methods. However, when
such an approach is used, singular solutions may occur since a component density centered on a single
design sample may have a likelihood that approaches infinity as the variance (covariance) of the com-
ponent approaches zero. The simplest way to avoid this problem is to utilize a new set of design data
samples for each iteration of the solution, making it impossible for a single data sample to dominate the
whole component density.

Although simple in concept, this method does not work well in practice. Therefore, alternative solu-
tions have been developed to alleviate the problem. Among them is the stochastic gradient descent
solution reviewed in the next section.

(3.22)

3.3.2 The Stochastic Gradient Descent Approach

Let us start with the generic, parametric update formula devised through the utilization of the maximum
likelihood solution. For both the man and the variance (covariance), the update equation has the
following form:
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o = $E= 1 P(®[x)0(x,)
ZE: 1p(w‘xk)

After some simple algebraic manipulation, a recursive expression for the 8, ; as a function of 6, can be
obtained as

(3.23)

en+1 = en+yn+1(en+1_en) (324)
with
0[Xy +
Yoo = —OX0e) (3.25)
Zkzlp(w‘xn+l)

Equation 3.25 can also be formulated in a recursive format. However, the denominator for the
calculation of the correction term is not bounded for growing data sets (n), and thus, such an estimation
procedure would require infinite memory. Therefore, if we assume only a finite sample set with samples
drawn unbiased from the unknown distribution and with the fixed set size (n) large, then the correction
factor can be approximately calculated as follows:

- p(w‘xn+l)

yn+1"(n+l)p(w) (326)

By utilizing Equations 3.24 and 3.26, explicit time update equations for the parameters of the Gaussian
mixture can be written. Although it may be impossible to obtain convergence from only one iteration if
the design set is too small, acceptable estimates can be obtained if the data samples are drawn with
replacement until a stable solution is obtained.

3.3.3 The EM Approach

As before, we assume that a set of unlabeled data samples (x;, X,, ..., X,) are drawn from a Gaussian
mixture density

Ng Ng

p(x) = Zp(wi)p(x\wi) = zwiN(X: ) (3.27)

with ileooi =1, w 20 forall i, and 6, is the unknown parameter vector consisting of the elements
of the ean value ; and the distinct elements of the covariance (variance) Y; of the Gaussian basis
function N(x; 6,). The EM algorithm utilizes the concept of missing data, which in our case is the
knowledge of which Gaussian function of each data sample is coming from. Let us assume that the
variable Z; provides the density membership for the j™ sample available. In other words, if Z; = 1, then
X; has a density N(x, 6)). The values of Z; are unknown and are treated by EM as missing information
to be estimated along with the parameters 6 and w of the mixture model. The likelihood of the model
parameters 6, w, given the joint distribution of the data set and the missing values Z, can be defined as

n Ng

logL (8, W|((X1, Xz, -+-, Xn), Z)) = Z Zzijlog(p(xi\ej)u)j) (3.28)

i=1j=1

The EM algorithm iteratively maximizes the expected log likelihood over the conditional distribution
of the missing data Z given (1) the observed data x;, x,, ..., X, and (2) the current estimates of the mixture
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model parameters 8 and w. This is achieved by repeatedly applying the E-step and the M-step of the
algorithm. The E-step of EM finds the expected value of the log likelihood over the values of the missing
data Z given the observed data and the current parameters 8 = 68° and w = «?.

It can be shown that the following equation holds true:

169’
0 p(xi[6;)e - (3.29)
> 1-1PP(xi|theta)ox

withi=1,2, ...,nandt=1, 2, ..., N. The M-step of the EM algorithm maximizes the log likelihood
over B and w in order to find the next estimates for them, the so-called 6 and .
The maximization over w leads to a solution

w =y (3.30)

We can then maximize over the parameters © by maximizing the terms of the log likelihood separately
over each 6 with j =1, 2, ..., g. Therefore, evaluation of this step means calculations of the

8 = maxg > Zglog(p(xi|6;)) (331)
i=1

For the case of Gaussian mixtures, the solution to the M-step of the algorithm exists in closed form.
Thus, at the (k + 1)™ iteration, the current estimates for the mixture coefficients, the elemental means,
and the covariance matrices are given as

n

T (k + 1)

w(k+1) = Z - (3.32)
. _ oK), g .
T(k+1) = —N—(Xj' ei(k))ij(kN(xj, 0:(k))) (3.33)

(k1) = 2z D% (334)

nw;(k + 1)

S 1 Gk D0 =ik + 1)) (% — ik + 1))°
no;(k +1)

Tik+1) = (3.39)

The EM algorithm increases the likelihood function of the data at each iteration and, under suitable
regularity conditions, converges to a stationary parameter vector.®? The convergence properties of the
EM algorithm have been discussed extensively in the literature. The EM algorithm produces a monotonic
increasing sequence of likelihoods, thus if the algorithm converges it will reach a stationary point in the
likelihood function, which can be different from the global maximum. However, like any other optimi-
zation algorithm, the EM algorithm depends on the provided initial values to determine the solution.
Given a specific test of initial conditions, it may converge to the optimal solution, while for another set
of initial parameters it may find only a suboptimal one. The final set of values, as well as the number of
iterations needed for the convergence of the EM algorithm, is thus greatly affected from the initial
parameter values. Therefore, the initial placement of the Gaussian components are of paramount impor-
tance for the convergence of the EM algorithm.
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In the problem of function approximation or distribution modeling in which the EM algorithm is used
to guide the function approximation, a good starting point for the elemental Gaussian terms may be near
the means of the actual underlying component Gaussian terms. To this end, many different techniques have
been devised over the years. Among the clustering techniques, the different variants of the K-means algo-
rithm are the most popular.* In this approach, the components of the underlying distributions which
generate the data are considered as data clusters, and pattern recognition techniques are used to identify
them. When the K-means algorithm is used to identify initial values for the EM algorithm, the number of
Gaussian functions in the mixture (clusters) has to be specified in advance. Having the number of clusters
predefined, an iterative procedure is invoked to move the cluster centers in order to minimize the mean
square error between cluster centers and available data points. The procedure can be described as follows:

1. Randomly select N, data points as the initial starting locations of the elemental Gaussian terms
(clusters).

2. Assign a novel data point x; to cluster center ; if [x,— | < |x;— | forall =1, ..., N

3. Calculate the new mean value of the data points associated with the center ;.

4. Repeat Steps 1 and 2 until the centers are stationary.

NES)

Although this algorithm is simple and works well in many practical applications, it has several draw-
backs. The procedure itself depends on the initial conditions, and it can converge to different solutions
depending on which initial data points were selected as initial cluster centers. Thus, if it is used as the
initial starting point for the EM algorithm, then the varying final configuration of the cluster centers
produced by the K-means algorithm may lead to variations in the final Gaussian mixture generated by
the EM algorithm.3®

Alternatively, scale-space techniques can be utilized to determine the Gaussian term parameters from
the available data samples. Such techniques initially motivated by the use of Gaussian filters for edge
detection can provide constructing descriptions of signals and functions by decomposing the data histo-
gram into sums of Gaussian distributions.®*4° The scale-space description of a given data set indicates the
zero-crossing points of the second derivatives of the data at varying resolutions.** When scale-space
techniques are used to determine the parameters of a Gaussian mixture, we are particularly interested in
the location of zero crossings in the second derivative and the sign of the third derivative at the zero
crossing. By determining the second derivatives of the data waveform and locating the zero-crossing points,
the number of Gaussian terms present in the approximating Gaussian mixture can be identified. The sign
of the waveform’s second derivative can be used to determine where the function is convex or concave.®

In general, to determine an (N,) component’s normal mixture, (3N, — 1) parameters must be estimated.
The direct calculation of these parameters as a function of the location of the zero-crossing points form
a system of (3N, — 1) simultaneous non-linear equations. To overcome the computational complexity of
a direct estimation, a two-stage procedure was proposed.* In this approach, a rough estimate of the
parameter values are obtained based on the zero-crossing locations. With this initial set as a starting
point, the EM algorithm is utilized to provide the final set of Gaussian mixture parameters. The procedure
can be summarized as follows:

+ At any scale, sign changes will alternate left to right. Odd (even)-numbered zero crossings will
thus correspond to lower (upper) turning points.

Given the locations of upper and lower turning points, the point halfway between the turning
point pair is used to provide the initial estimate of the mean ;.

+ Half the distance between turning point pairs is used as an estimate of the standard deviation
(covariance).

Given these initial estimates of the parameters which determine the mixture, the EM algorithm
is used to calculate the optimal set of parameters.

In summary, clustering techniques such as the K-means algorithm or scale-space filters can be used
to provide initial values for the EM algorithm. Changes in the initial conditions will result in varying
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final Gaussian mixtures, and although there is no guarantee that the final mixture chosen is optimal,
those which are based on initial sets selected from these algorithms are usually better.

Finally, to improve the properties of the EM algorithm, a stochastic version of the algorithm, the so-
called stochastic EM (SEM) algorithm, has been proposed in the literature.*? Stochastic perturbation and
sampling methodologies are used in the context of SEM to reduce the dependence on the initial values
and to speed up convergence. If the initial parameters are sufficiently close to the actual values, the
convergence is exponential for Gaussian mixtures. Although the dependence on the initial values is largely
reduced in the SEM algorithm, SEM seems inappropriate for small sample records.*®

3.3.4 The EM Algorithm for Adaptive Mixtures

The problem of determining the number (N,) of components in the Gaussian mixture when the mixing
coefficients, means, and variances (covariances) of the elemental Gaussian terms are also unknown
parameters to be determined from the data is a difficult but important one. Most of the studies undertaken
in the past concern the problem of testing the hypothesis of (N, = g,) vs. the alternative (N, = g,) with
the two numbers 1 < g, < g,. If the classical likelihood approach is utilized to determine the rest of the
parameters in the mixture, the maximum likelihood ratio test (LRT) can be used to determine the actual
number of the components in the mixture. The LRT test rejects the hypothesis Hgl and decides for HQZ
whether the likelihood ratio

A= —2<
Ay

is too small or, equivalently, the log likelihood statistic is too large.*®

Recently, adaptive versions of the EM algorithm have also appeared in the literature in an attempt to
circumvent the problem of determining the number of components in the mixture. The so-called adaptive
mixture is essentially a recursively calculated Gaussian mixture with the ability to create new terms or
drop existing terms as dictated by the data. In the case of multivariate Gaussian basis functions examined
here, a recursive formulation of the EM algorithm can be used to evaluate the number of basis functions
as well as their parameters at every time instant. The parameter update equations are summarized as

W (K)N (X +1; 6i(K))

fi(k+1) = — 3.3
S S 00N G 80) 439

w(k+1) = wk)+ %(f(k +1) - (K)) (3.37)

k1) = (0 + LR 01— 0) (338)

Zlker 1) = zi(k)*féij?kl))((xk+l—ui<k+1))(xk+1—ui(k+1))‘)—zi(k) (3:39)

with the time index k defined over the interval k = 1, 2, ..., n. Given a new data point at a certain time
instant k, the algorithm either updated the parameters of the existing basis on the mixture by utilizing
the equations above or added a new term to the mixture. The addition of a new term should be based
on the utilization of an appropriate measure as to the likelihood that the current measurement has been
drawn from the existing model. One such measure proposed is the Mahalanobis distance between the
observation and each of the existing bases in the Gaussian mixture. For the Gaussian basis mixtures
considered here, the square Mahalanobis distance between a data point x; and a Gaussian basis function
with mean value p, and covariance ¥ is given as dy = (X = W) it (X; = mu;). Thus, if the distance
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between a new point and each basis function in the current Gaussian mixture exceeds a predefined
threshold, then a new term is created with its mean value given by the location of the point and a
covariance which is based on the covariances of the surrounding terms and their mixing coefficients.*
After the insertion of the new term, the mixing (weighting) coefficients of the Gaussian basis functions
are renormalized appropriately.

3.4 Computer Generation of Mixture Variables

It is of paramount importance in many practical applications to generate random variables which can
be described in terms of mixtures. The availability of such techniques will not only help the practitioner
to understand the applications of mixtures to a variety of engineering problems, but it can also provide
insights useful for modifying or extending mixture methodologies.

Let us assume that the mixture model f(.) = zj“'jlefj () is available. It can be seen that the mixture
is defined in terms of three distinguishable steps:

1. The number of elements present in the mixtures Ng (typically a finite number is selected)

2. The mixture weights w, j = 1, 2, ..., Ng which regulate the contribution of each element in the
final outcome

3. The elements (elemental density functions) f(.), j = 1, 2, ..., Ng of the mixture

To generate a random variable X from a given mixture, the following steps should be performed:

1. Generate an element identifier J = P(J = j) = . In most applications, the number N, of mixture
elements is chosen to be 2, in which case the identifier can be generated simply as a result of a
comparison of a uniform (0, 1) variable with w, In the case of g > 2, the identifier may be generated
by one of several discrete variable generating techniques.

2. Generate realizations X;, fi(.) forj=1,2, ..., g.

3. Using Steps 1 and 2, calculate X, f(.).

By the application of this method, the resulting random variable X has the desired distribution f(.)
since construction follows the distribution:

Ng Ng
> HOPE =) = S fit)e = f() (3.40)
_

=1

The above-described methodology can be utilized to generate random variables from a given mixture
model and is used in the simulation studies reported in this chapter.

In this section, an application example is used to demonstrate the applicability of the above generation
method. The problem selected is that of “glint noise generation.” In radar target applications, the obser-
vation noise is highly non-Gaussian. It is well documented in the literature that the so-called “glint noise”
possesses the characteristics of a long-tailed distribution.53-%5 Conventional minimum mean square esti-
mators can be seriously degraded if non-Gaussian noise is present. Therefore, it is of paramount impor-
tance to have accurate modeling of the non-Gaussian noise phenomenon prior to the development of
any efficient tracking algorithm. Many different models have been used for the non-Gaussian glint noise
present in target tracking applications. Among them is a mixture approach, originally proposed by Hewer
et al.,** which argues that the radar glint noise can be modeled as a mixture of background Gaussian
noise with outliers. Their results were based on the analysis of the QQ-plots of glint noise records.®
Examination of such records reveals that the glint QQ-plot is fairly linear around the origin, an indication
that the distribution is Gaussian-like around its mean. However, in the tail region, the plot deviates from
linearity and indicates a non-Gaussian, long-tailed character. The data in the tail region are essentially
associated with the glint spikes and are considered to be outliers. These outliers have a considerable
influence on conventional target tracking filters, such as the Kalman filter which is quite non-robust. The
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effect of the glint spikes is even greater on the sample variance (covariance) used in the derivation of the
filter’s gain. It is not difficult to see that variances (covariances) which are quadratic functions of the
data are more sensitive to outliers than the sample means. Therefore, the glint spikes can be modeled as
a Gaussian noise with large variance (covariance), resulting in an overall glint noise model which can be
considered as a Gaussian mixture with the two components used to model the background (thermal)
Gaussian noise and the glint spikes, respectively. The weighting coefficients in the mixture (percentage
of contamination) can be used to model the non-Gaussian nature of the glint spikes. Therefore, the glint
noise model can be generated as the mixture of two Gaussian distributions, each with zero mean and
with fixed variance (covariance).

In most studies, the variances (covariances) are proportional to each other. Assuming that the Gaussian
terms are denoted as N, (0, 0,) and N,(0, 0,), the mixture distribution has the following form:

f(k, 01, 0,) = (1—Kk)N,(0, 0;) + kN,(0, 0,) (3.41)

with 0 < k < 1. A random variable X of this distribution can be generated by first selecting uniformly a
sample U from the interval [0, 1]. If U > k, then X is generated by an independent sample from N, (0, ;).
Otherwise, the requested variable X is a sample from N,(0, g,). In a first experiment, it is assumed that
the regulatory coefficient is the unknown parameter in the mixture. The weighting coefficient assumes
the values of k = 0.1, k = 0.2, and k = 0.3, respectively. The variances of the two components are given by
0, = 1.0 and o, = 100.0. The resulting noise profiles can be seen in Figure 3.1. In a second experiment,
we assume that the weighting coefficient in the mixture is known and the only parameter is the variance
of the second component in the mixture. We assume that the variance of the first component is fixed, o,
= 1.0. The variance o, of the second component assumes the values of 10.0, 100.0, and 1000.0. By varying
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FIGURE 3.1 Gaussian mixture generation: the effect of the weighting coefficient.
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FIGURE 3.2 Gaussian mixture generation: the effect of the variance.
the parameters of the second term in the mixture, a different noise profile can be obtained. It is evident

from Figure 3.2 that by increasing the contribution or the variance of the second component in the mixture,
the resulting profile deviates more from Gaussian, becoming increasingly non-Gaussian.

3.5 Mixture Applications

In this section, we will describe, in detail, three areas of application of Gaussian mixture models where
the model is used either to represent the underlying physical phenomenon or to assist in the development
of an efficient and cost-effective algorithmic solution. The application areas considered are those of target
tracking in polar coordinates and stochastic estimation for non-linear systems, non-Gaussian (impulsive)
noise modeling and inter-symbol interference rejection, and neural networks for function approximation.
These applications were selected mainly due to their importance to the signal processing community. It
should be emphasized at this point that Gaussian mixtures have been applied to a number of different
areas. Such areas include electrophoresis, medical diagnosis and prognosis, econometric applications
such as switching econometric models, astronomy, geophysical applications, and applications in agricul-
ture. The interested reader should refer to the extensive summary of references to Gaussian mixture
applications provided in Reference 1 for mixture applications.

Apart from that, Gaussian mixture models are essential tools in other literature, such as neural networks
where RBF networks and probabilistic neural networks (PNN) are based on Gaussian mixture models,
fuzzy systems where fuzzy basis functions are often constructed to imitate the Gaussian mixture model,
and image processing/computer vision where Gaussian mixtures can be used to model image intensities
and to assist in the estimation of the optical flow.232566-75

©2001 CRC PressLLC



In the next few paragraphs, we consider three case studies illustrating the effectiveness of the Gaussian
mixture approach in solving difficult signal processing problems. The problem of target tracking in polar
coordinates is considered in the next section.

3.5.1 Applications to Non-Linear Filtering

Estimation (filtering) theory has received considerable attention in the past four decades, primarily due
to its practical significance in solving engineering and scientific problems. As a result of the combined
research efforts of many scientists in the field, numerous estimation algorithms have been developed.
These can be classified into two major categories, namely, linear and non-linear filtering algorithms
corresponding to linear (or linearized) physical dynamic models with Gaussian noise statistics and to
non-linear or non-Gaussian physical models.*84° The most challenging problem arising in stochastic
estimation and control is the development of an efficient estimation (filtering) algorithm which can
provide estimates of the state of a dynamical system when non-linear dynamic models coupled with
non-Gaussian statistics are assumed. We seek, therefore, the optimal, in the minimum mean square
sense, estimator of the state vector x(k) of a dynamic system which can be described by the following
set of equations:

x(k +1) = f(x(k), v(k), k) (3.42)
z(k +1) = h(x(k), w(k), k) (3.43)

where f(.) is the non-linear function which describes the state evolution over time, and v(k) is the
state process noise which can be of a non-Gaussian nature. In most cases, the state noise is modeled
as additive white Gaussian noise with covariance Q(k). The only information available about this
system is a sequence of measurements z(1), z(2), ..., z(k), ... obtained at discrete time intervals.
The measurement Equation 3.43 describes the observation model which transforms the plant state
vector into the measurement space. Most often the observation matrix h(.), it is assumed to be non-
linear with additive measurement noise w(k). The additive measurement noise is considered to be
white Gaussian with noise covariance R(k) and uncorrelated to the state noise process. The initial
state vector x(0), which is generally unknown, is modeled as a random variable which is Gaussian
distributed with mean value X (0) and covariance P(0). It is considered uncorrelated to the noise
processes [0k > 0.

Given the set of measurements Z¥ = [z(1), z(2), ..., z(k — 1), z(k)], we desire the mean-squared-error
optimal filtered estimate X (k|k) of x(K):

R(k|k) = E(x(k)|Z") (3.44)

of the system state.

For the case of linear dynamics and additive Gaussian noise, the problem was first solved by Kalman
through his well-known filter.*® The so-called Kalman filter is the optimal recursive estimator for this
case. However, if the dynamics of the system are non-linear and/or the noise processes in Equations
3.42 and 3.43 are non-Gaussian, the degradation in the performance of the Kalman filter will be
rather dramatic.5

The requested state estimate in Equation 3.44 can be obtained recursively through the application of
the Bayes theorem as follows:

K(k|k) = E(x(k)|Z") = I:x(k)f(x(k)\zk)dz (3.45)

f(x(k), 2(k)[ZY) = f(x(k)|z(k), Z"Hf(z(k)|Z7") = fz(k)|x(k), 2“7 H(x(k)|Z"Y) (3.46)
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) f(z(k)| 27

fz (k) |x(k), ZHf(x (k)2
) jf(z(k)\x(k),zk‘l)f(x(k)\zk‘l)dxm

f(x(k)|z(k), 2"

(3.47)

Based on the assumptions of the model, the density function f(x(k)|z(k)) can be considered as Gaussian
with mean value h(x(k)) and covariance R(K):

1 -05 2
(Zn)m‘R(k)‘ exp(=0.5]z(k) —h(x(K))lI - ,) (3.48)

f(x(k)[z(k)) =

In a similar manner, the density f(x(k)|x(x — 1)) can be considered Gaussian with mean value f(x(k —
1)) and covariance Q(k — 1). Given the fact that the initial conditions are assumed Gaussian and thus,

f(x(0))f(z(0)[x(0))
f(z(0))

a set of equations which can be used to recursively evaluate the state estimate is now available.48-55

The above estimation problem is solvable only when the density f(x(k)|z(k)) can be evaluated for all
k. However, this is possible only for a linear state-space model and if the a priori noise and state
distributions are Gaussian in nature. In this case, the relations describing the conditional mean and
covariance are the well-known Kalman filter equations.> To overcome the difficulties associated with the
determination of the integrals in Equations 3.46 and 3.47, suboptimal estimation procedures have been
developed over the years.5-5 The most commonly used involves the assumption that the a priori distri-
butions are Gaussian and that the non-linear system can be linearized relative to the latest available state
estimate resulting in a Kalman-like filter, the so-called “extended” Kalman filter (EKF). Although EKF
performs well in many practical applications, there are numerous situations in which unsatisfactory
results have been reported. Thus, a number of different methodologies have appeared in the literature.
Among them is the Gaussian sum filter which utilizes the approximation theorem reported in Section
3.2.1 to approximate Equations 3.46 and 3.47. This estimation procedure utilizes a Gaussian mixture to
approximate the posterior density f(x(k)|z(k), Z<) in conjunction with the linearization procedure used
in EKF. This so-called Gaussian sum approach assumes that at a certain time instant k the one step-ahead
predicted density f(x(k)|Z*") can be written in the form of a Gaussian mixture,5.5254

Then, given the next available measurement and the non-linear model, the filtering density f(x(k)|z(k),
Z<1) is calculated as

f(x(0)[z(0)) =

(3.49)

Ng

fx(k)[2(k), 271 = (k) > eN((x(k) —a), B)f((z(k) ~h(x(k)))) (3.50)

Parallelizing the EKF operation, the Gaussian sum filter linearizes h(x(k)) relative to a; so that f((z(k) —
h(x(k)))) can be approximated by a Gaussian-like function in the region around each a;. Once the a
posteriori density f(x(k)|z(k), Z<?) is in the form of a Gaussian mixture, the prediction step of the non-
linear estimator can be performed in the same manner by linearizing f(x(k + 1)|x(k)) about each term
in the Gaussian mixture defined to approximate f(x(k)|z(k), Z<1).

In this review, a non-linear filter based on Gaussian mixture models is utilized to provide an
efficient, computationally attractive solution to the radar target tracking problem. In tracking appli-
cations, the target motion is usually best modeled in a simple fashion using Cartesian coordinates.
However, the target position measurements are provided in polar coordinates (range and azimuth)
with respect to the sensor location. Due to the geometry of the problem and the non-linear relation-
ship between the two coordinate systems, tracking in Cartesian coordinates using polar measurements
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can be seen as a non-linear estimation problem, which is described in terms of the following non-
linear state-space model:

x(k+1) = F(k + 1, K)x(k) + G(k + 1, k)v(K) (3.51)

where x(K) is the vector of Cartesian coordinates target states, F(.) is the state transition matrix, G(.) is
the noise gain matrix, and v(k) is the system noise process which is modeled as a zero-mean white
Gaussian random process with covariance matrix Q(k).

The polar coordinate measurement of the target position is related to the Cartesian coordinate target
state as follows:

2(k) = h(x(k)) +w(K) (3.52)

where z(k) is the vector of polar coordinates measurements, h([) is the Cartesian-to-polar coordinate
transformation, and w(k) is the observation noise process which is assumed to be a zero-mean white
Gaussian noise process with covariance matrix R(k). Thus, target tracking becomes the problem of
estimating the target states x(k) from the noisy polar measurements z(k), k=1, 2, ... .

A Gaussian mixture model can be used to approximate the densities involved in the derivation of the
optimal Bayesian estimator of Equations 3.45 to 3.47 when it is applied to the tracking problem.

To evaluate the state prediction density p(x(k)|Z*?) efficiently, we will assume the conditional density
p(x(k — 1)|Z«") to be Gaussian with mean X (k —1]k — 1) and covariance matrix P(k —1|k — 1). Based on
this assumption, the state prediction density is a Gaussian density with

R(k|k—1) = FR(k—1Jk—1) (3.53)

P(k|k—1) = FP(k—1|k—1)F" + GQ(k)G" (3.54)

Given the state-space model of the problem, the function p(z(k)|x(k)) can be defined by the measure-
ment equation and the known statistics of the measurement noise w(k):

P()x(0)) = [p()x(K), w(k)pw(k) [x(K))dw(k)
J30x(Kk) =n(x(k)) = w(k)pu(w(k))dw(k) (3.55)
Pu(x(k) —h(x(k)))

Thus, the function p(z(k)|x(k)) can be obtained by applying the transformation w(k) = z(k) — h(x(0))
to the density function p,,(w(k)). Utilizing this observation, we select some initial parameters Oyir Mii,
and By i from the known statistics of the noise w(k), transform these parameters from the w(k) space
to the f(k) space based on the transformation w(k) = z(k) — h(x(k)) z(k) — h(x(k)), and, finally, collect
them as a Gaussian mixture approximation for the function p(z(k)|x(k)) (see Figure 3.3).

The Gaussian mixture procedure used to approximate the non-linear prediction density p(x(k)|Z**)
is summarized as follows:

1. For initialization, select the parameters @, ;, rﬁk,i ,and ék,i for a prescribed value of N such that
the following sum-of-squared error is minimized:

K N 2
Z pw(Wk,jj)—z&k,iN(Wk,j—rﬁk,i, Bii)| <€ (3.56)
j=1 i=1

where w,;;j = 1, ..., K is the set of uniformly spaced points distributed through the region

containing non-negligible probability, and € is the prescribed accuracy.
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FIGURE 3.3 Gaussian mixture approximation of p(z(k)|x(k)).

2. For each new measurement z(k), update the new parameters o, ;, m,;, and By ; such that

p(z(k)[x(k)) = zak,iN(mk,i —D(x(k)), By.i) (3.57)
where
my; = h™ (M) (3.58)
m,; = z(k) —m,; (3.59)
Byi = [Jh(mk,i)TégliJh(mk,i)]_l (3.60)
Bei = [In(my)] (3.61)
Oy i = By iOlk,i (3.62)

Here, we assume the function is invertible; however, if the inverse does not exist, then we must choose
m, ; to be the most likely solution given m, ; = h(my i ). Moreover, J,(x(k)), He,(m, ;) are the Jacobian
and the Hessian of the function h(x(k)), respectively, evaluated as

(M) = a—Fai)((X")
no P (3.63)
= Zh(my ) Bri(m,  ~h(m,, )
2
HeFl(mn,i) = a——Fi(an)
0K [x,=m, | (3.64)

—[Hey(My. ) Bri(m, i —h(m, 1)) +Jn(m,, ) Brridn(m, )]

Given the form of the approximation, the algorithmic description of the non-linear adaptive Gaussian
sum filter (AGSF) for one processing cycle is as follows (see Figure 3.4):

1. Assume that at time k the mean X (k — 1|k — 1) and the associated covariance matrix P(k — 1|k — 1)
of the conditional density p(x(k — 1)|Z%1) are available.
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FIGURE 3.4 The adaptive Gaussian sum filter (AGSF).

The predictive mean X (klk — 1) and the corresponding covariance matrix P(k|k — 1) of the
predictive density p(x(k)|Z*') are determined through Equations 3.53 and 3.54 using the state
equation of the model.

2. The density p(x(k)|ZX) is approximated systematically by a weighed sum of Gaussian terms.

3. The Gaussian terms in the mixture are passed to a bank of N Kalman filters which evaluate the
parameters for the Gaussian mixture approximation for the density p(x(k)|Z¥).

4. The Gaussian mixture approximation for the density p(x(k)|Z¥) is collapsed into one equivalent
Gaussian term with mean X (k|k) and covariance P(k|k).

A two-dimensional, long-range target tracking application is simulated to demonstrate the perfor-
mance of the AGSF on target state estimation. The target trajectory is modeled by the second-order
kinematic model of Equation 3.51 with a process noise of standard variation 0.01 m/s? in each coordinate.
The measurements are modeled according to Equation 3.52. The standard deviations for range errors
are assumed to be 50 m, and two standard deviations of bearing error are used: o, = 2.5° and 5.73°. The
parameters of the model are defined as follows:

1100 172 0

n+1— 0100Xn+ 1 O W (365)
0011 0 1/2
0001 0 1

[,2 2
+
Zn = Xn yn + Vn

tan'y, /X,

Q- {0.0001 0 } (3.66)
0 00001

R = (1{2500 0 ](2){2500 o}
0 0037 0 o001
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The AGSF is compared with the EKF and the converted measurement Kalman filter (CMKEF) in this
experiment. All these filters are initialized with the same initial filtered estimate X ,, and the same initial
error covariance Pg, based on the first two measurements. The initial number of Gaussian terms in the
preprocessing stage is 30. After preprocessing, the number of the Gaussian terms used in the implementation
of the AGSF is 9. The results presented here are based on 1500 measurements averaged over 1000 indepen-
dent Monte Carlo realizations of the experiment with the sampling interval of 1 s and with two different
measurement noise levels. In order to generate the measurement record, the initial state x, is assumed
Gaussian with an average range of 50 km and an average velocity of 20 m/s. For each Monte Carlo realization
of the experiment, the initial value is chosen randomly from the assumed Gaussian distribution.

The position errors and the velocity errors for the three filters are shown in Figures 3.5 and 3.6,
respectively, for o, = 2.5°. The error is defined as the root mean square of the difference between the actual
value and the estimated value. The Gaussian sum approach converges faster and yields estimates of smaller
error than the EKF and the CMKF. For o, = 2.5°, the CMKF converges faster than the EKF initially, but
it ceases to converge after the first 400 measurements. The EKF, on the other hand, is very steady and
consistent. As g, increases to 5.72° (0.1 rad), the EKF starts to diverge due to the fact that the EKF is
extremely sensitive to the initial filter conditions. When the cross-error gets too large, the wrong set of
initial conditions can lead to divergence. The CMKF, however, seems to be more robust to inconsistent
initial conditions. The AGSF, due to its parallel nature and the fact that the Bayes rule operates as a
correcting/adjusting mechanism, is also in position to compensate for inconsistent initial conditions.

3.5.2 Non-Gaussian Noise Modeling

The Gaussian mixture density approximation has been extensively used to accomplish practical models
for non-Gaussian noise sources in a variety of applications. The appearance of the noise and its effect
are related to its characteristics. Noise signals can be either periodic in nature or random. Usually, noise
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FIGURE 3.5 Target tracking: comparison of position errors.
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FIGURE 3.6 Target tracking: comparison of velocity errors.

signals introduced during signal transmission are random in nature, resulting in abrupt local changes in
the transmitting sequence. These noise signals cannot be adequately described in terms of the commonly
used Gaussian noise model. Rather, they can be characterized in terms of impulsive sequences (interfer-
ences) which occur in the form of short time duration, high energy spikes attaining large amplitudes
with probability higher than the probability predicted by a Gaussian density model.

There are various sources that can generate such non-Gaussian noise signals. Among others, some are
man-made phenomena, such as car ignition systems, industrial machines in the vicinity of the signal
receiver, switching transients in power lines, and various unprotected electric switches. In addition,
natural causes such as lightning in the atmosphere and ice cracking in the Antarctic region also generate
non-Gaussian, long-tailed types of noise.

Several models have been used to date to model non-Gaussian noise environments. Some of these
models have been developed directly from the underlying physical phenomenon. On the other hand,
empirically devised noise models have been used over the years to approximate many non-Gaussian noise
distributions. Based on the density approximation theorem presented above, any non-Gaussian noise
distribution can be expressed as, or approximated sufficiently well by, a finite sum of known Gaussian
probability density functions (pdfs). The Gaussian sum model has been used in the development of
approximate empirical distributions which relate to many physical non-Gaussian phenomena.

The most commonly used empirical model is the e-mixture or e-contaminated Gaussian mixture
model in which the noise pdf has the form of

f(x) = (1—¢€)f,(x) +&fy(x) (3.67)
where e[J[0, 1] is the mixture weighting coefficient. The mixing parameter € regulates the contribution
of the non-Gaussian component, and usually it varies between 0.01 to 0.25.

The f,(X) pdf is usually taken to be a Gaussian pdf representing background noise. Among the choices
for the contaminating pdf are various “heavy-tailed” distributions such as the Laplacian or the double
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exponential. However, most often f, is taken to be Gaussian with variance o> taken to be many times
the variance of f,, o’.Theratiok= 62/ 0 has generally been taken to be between 1 and 10,000. Although
the parameters of the mixture model are not directly related to the underlying physical phenomenon,
the model is widely used in a variety of applications, primarily due to its analytical simplicity. The
flexibility of the model allows for the approximation of many different, naturally occurring noise distri-
bution shapes. This approach has been used to model non-Gaussian measurement channels in narrow-
band interference suppression, a problem of considerable engineering interest.5

Spread-spectrum communication systems often use estimation techniques to reject narrowband inter-
ference. Recently, the interference rejection problem has been formulated as a non-linear estimation
problem using a state-space representation.>® Following the state-space approach, the narrowband inter-
ference is modeled as the state trajectory, and the combination of the direct-sequence spread-spectrum
signal with the background noise is treated as non-Gaussian measurement noise.

The basic idea is to spread the bandwidths of transmitting signals so that they are much greater than
the information rate. The problem of interest is the suppression of a narrowband interferer in a direct-
sequence spread-spectrum (DS/SS) system operating as an Nt-order autoregressive process of the form:

N
o= Y Poiq+e (3.68)
n=1

where e, is a zero-mean white Gaussian noise process, and ®;, ®,, ..., P _;, P are the autoregressive
parameters known to the receiver.

The discrete time model arises when the received continuous time signal is passed through an integrate-
and-dump filter operating at the chip rate.>®

The DS/SS modulation waveform is written as

N. -1

m(t) = cq(t —kt,) (3.69)
2"

where N, is the pseudo-noise chip sequence used to spread the transmitted signal, and q(.) is a rectangular
pulse of duration t.. The transmitter signal can be then expressed as

s(t) = Zbkm(t—ka) (3.70)

where b(k) is the binary information sequence, and T, = N, is the bit duration. Based on that, the
received signal is defined as

2(t) = as(t—1) +n(t) +i(t) (3.71)

where a is an attenuation factor, T is a delay offset, n(t) is wideband Gaussian noise, and i(t) is
narrowband interference. Assuming that n(t) is band limited and hence white after sampling, with 1
=0 and a = 1 for simplicity, if the received signal is chip matched and sampled at the chip rate of the
pseudo-noise sequence, the discrete time sequence resulting from the continuous model above can be
rewritten as follows:

2(k) = s(k) +n(k) +i(k) (3.72)

The system noise contains an interference component i(k) and a thermal noise component n(k). We
assume binary signaling and a processing gain of K chips/bit so that during each bit interval, a pseudo-
random code sequence of length K is transmitted. The code sequences can be denoted as
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S = [51(1), 54(2), ..., 51 (K)] (3.73)

with s, O (+1, -1).
Based on this, a state-spacer representation for the received signal and the interference can be con-
structed as follows:

x(k) = ®x(k —1) +v(k)

(3.74)
z2(k) = Hx(k) +w(k)

With X(K) = [igs i1 +os i+ 115 V(K) = [60 O, ..., OT, H = [1, 0, ..., 0], and

(Dl (DZ (DN
o=| 1l 0.0

0. 0. ... 1
The additive observation noise w(k) in the state-space model is defined as

v(k) = n(k) +s(k)

Since the first component of the system state x(k) is the interference i(k), an estimate of the state
contains an estimate of i(k) which can be subtracted from the received signal in order to increase the
system’s performance. The additive observation (measurement) noise v(k) is the sum of two independent
variables: one is Gaussian distributed and the other takes on values —1 or -1 with equal probability.
Therefore, its density is the weighted sum of two Gaussian densities (Gaussian sum);5%.60

f(w(k)) = (1-€)N(, 07) + eEN(=, Aay) (3.75)

withe=05and p=1.

In summary, the narrowband interference is modeled as the state trajectory, and the combination of
the DS/SS signal and additive Gaussian noise is treated as non-Gaussian measurement noise. Non-linear
statistical estimators can be used then to estimate the narrowband interference and to subtract it from
the received signal. Due to the nature of the non-Gaussian measurement noise, a non-linear filter should
be used to provide the estimates. The non-linear filter takes advantage of the Gaussian mixture repre-
sentation of the measurement noise to provide online estimates of the inter-symbol interference. By
collapsing the Gaussian mixture at every step through the utilization of the Bayes theorem, a Kalman-
like recursive filter with constant complexity can be devised.

For the state-space model of Equation 3.72, if the measurement noise is expressed in terms of the
Gaussian mixture of Equation 3.75, an estimate X (k|k) of the system state x(k) at time instant k can be
computed recursively by an AGSF as follows:

R(k|k) = R(k|k —1) + K(k)(z(k) — 2(k [k — 1)) (3.76)

P(k|k) = (1-K(K)H(k))P(k|k — 1) (3.77)

R(klk—1) = d(k k—1)X(k—1]k—1) (3.78)

P(kjk—1) = d(k k—1)P(k—1]k—1)D(k k—1)"+Q(k — 1) (3.79)

with initial conditions £ (0]0) = X (0) and P(0]0) = P(0).
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K(k) = P(k\k—l)HT(k\k—l)le(k\k—1) (3.80)

Ng
2(klk-1) = $ o (k)z(klk—1) (3.81)
2i(kjk—1) = H(K)X(k[k —1) + 1, (3.82)
Pi(klk=1) = H(k)P(k|k —1)H"(k) + R; (3.83)

In Equation 3.75, Ng = 2, with i, = pand R, = 6>, R, = Ad?.
The corresponding innovation covariance and the posterior weights used in the Bayesian decision
module are defined as

Ng

P.(klk-1) = z(Pzi(k\k—l)+(2(k\k—1)—2i(k\k—1))(f(k\k—1)—Z(k\k—l))T)wi(k) (3.84)

((2m) P~ exp(-0.5([2(k) ~zi(k|k = D)2 ))a;

(A)|(k) - C(k) Pzi (k\k_l)

(3.85)

where |.| denotes the determinant of the matrix, and ||.|| denotes inner product. The parameter ga; is the
initial weighting coefficient used in Gaussian mixture which describes the additive measurement noise.
In Equation 3.75,a, = (1 —¢€) and a, = €.

Finally, the normalization factor c(k) is calculated recursively as follows:

Ng

o) = 3 (2 "IPexp(-05(|2(k) =2 (kIk =D, e, (3.86)

Py (k[k—1)

Simulation results are included here to demonstrate the effectiveness of such an approach. In this
study, the interferer is found by channeling white noise through a second-order infinite-duration impulse
response (1IR) with two poles at 0.99:

i, = 1.98i,_,—0.9801i,_,+e, (3.87)

where e, is zero-mean white Gaussian noise with variance 0.01. The regulatory coefficient € used in the
Gaussian mixture of Equation 3.75 is set to be € = 0.2, and the ratio A is taken to be A = 10 or A = 10,000
with g, 1.0. The non-Gaussian measurement noise profile, for a single run, is depicted in Figure 3.7 (A
= 10) and Figure 3.10 (A = 10,000).

The normalized mean square error (NMSE) is utilized for filter comparison purposes in all experi-
ments. The data were averaged through Monte Carlo techniques. Given the form of the state vector, the
first component of x(k) is used in the evaluation analysis. The NMSE is therefore defined as

I W O )8
NMSE = —==-0 0
EL:l X4 u

ir

Where MCREs is the number of Monte Carlo runs, x,, is the actual value, and X y; is the outcome of the
j filter under consideration.
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FIGURE 3.7 Inter-symbol interference-1: measurement noise profile.

In this experiment, 100 independent runs (MCRs), each 1000 samples in length, were considered. Due
to its high complexity and the unavailability of suitable non-linear transformation for the “score function,”
the Masreliez filter was not included in these simulation studies.

Two different plot types are reported in this chapter. First, state estimation plots for single MCRs are
included to facilitate the performance of the different estimation schemes (Figures 3.8 and 3.11). In
addition, the NMSE plots for all the simulation studies are also reported (Figures 3.9 and 3.12). From
the plots included in this chapter, we can clearly see the improvement accomplished by the utilization
of the new filter vs. the Kalman filter and the Masreliez filter. The effects have appeared more pronounced
at more dense non-Gaussian (impulsive) environments. This trend was also verified during the error
analysis utilizing the Monte Carlo error plots (Figures 3.9 and 3.12).

3.5.3 Radial-Basis Functions (RBF) Networks

Although Gaussian mixtures have been used for many years in adaptive signal processing, stochastic
estimation, statistical pattern recognition, Bayesian analysis, and decision theory, only recently have they
been considered by the neural networks community as a valuable tool for the development of a rich class
of neural nets, the so-called RBF networks.”? RBF networks can be used to provide an effective and
computationally efficient solution to the interpolation problem. In other words, given a sequence of (n)
available data points X = (X, X,, ..., X,) (which can be vectors) and the corresponding (n) measurement
values Y(y,, ¥, ---, ¥n), the objective is to define a function F satisfying the interpolation condition F(x;)
=y, i=1,2, .., n The RBF neural approach consists of choosing F from a linear space of dimension
(n) which depends on the data points x;.”® The basis of this linear space is chosen to be the set of radial
functions. Radial functions are a special class of functions in which their response decreases or increases
monotonically with distance from a central point. The central point, the distance scale, as well as the
shape of the radial function are parameters of the RBF neural model. Although many radical functions
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FIGURE 3.9 Inter-symbol interference-1: Monte Carlo evaluation.
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FIGURE 3.12 Inter-symbol interference-11: Monte Carlo evaluation.

have been defined and used in the literature, the typical one is the Gaussian which, in the case of a scalar
input, is defined as

2
f(x: ¢, 1) = exp B—@B (3.88)

with parameters the center ¢ and the radius r. A single layer network consisting of such Gaussian basis
functions is usually called RBF net in the neural network literature. Optimization techniques can be used
to adjust the parameters of the basis functions in order to achieve better results. Assuming that the
number of basis (Gaussian) functions is fixed, the interpolation problem is formulated as follows:

Ng

F(x) = zwif(x; ¢, r) (3.89)

Although the number Ng of elemental Gaussian terms in the mixture expression can be defined a priori,
it can also be considered as a parameter. In such a case, the smallest possible number of Gaussian bases
is targeted.

In this setting, the problem is the equivalent of solving for a set of (3Ng) non-linear equations using
(n) data points. Thus, the problem is to determine the Gaussian centers and radius along with the mixture
parameters from the sample data set.

One of the most convenient ways to implement this is to start with an initial set of parameters and
then iteratively modify them until a local minimum is reached in the error function between the available
data set and the approximating Gaussian mixture.
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However, defining a smooth curve from available data is an ill-posed problem in the sense that the
information in the data may not be sufficient to uniquely reconstruct the function mapping in regions
where data samples are not available. Moreover, if the available data set is subject to measurement errors
or stochastic variations, additional steps such as introduction of penalty terms in the error function are
needed in order to guarantee good results. In a general d-dimensional space, the Gaussian radial basis
can be f(x) = exp(=0.5]|x — pi| _1) where y; and 3 ; represent the mean vector and the covariance matrix
of the i"" RBF.

The quadratic term in the Gaussian basis function form can be written as an expanded form

d d

HX_UiHZi—l - z z)\lkj(x “‘I])(Xk Ulk) (390)

=1j=1

with p; as the j*" element of the mean vector L, and A as the (j, k) element of the shape matrix st
The elements of the shape function can be evaluated in terms of the marginal standard deviations oy,
0;, and the correlation coefficient. Assuming that the shape matrix is a positive diagonal, a much
simpler expression can be obtained. In such a case, the output of the it" Gaussian basis function can
be defined as

Ch|
0, = eXpB-OSZMD (3.91)
O ik [0

with 1 <i < Ng.

The output of the it Gaussian basis function forms a hyper-ellipsoid in the d-dimensional space with
the mean and the variance being the parameters which determine the geometric shape and the position
of that hyper-ellipsoid. Therefore, the radial-basis network consists of an array of Gaussian functions
determined by some parameter vectors.6®

F(x) = ZwexpE)—OSZ(Xk “'k) (3.92)

RBF networks have been used extensively to approximate non-linear functions.” In most cases,
single, hidden layer structures with Gaussian units are used due to their simplicity and fast training.
To demonstrate the function approximation capabilities of the RBF network, a simple scalar example
is considered. The RBF network consists of five Gaussian units equally weighted. Figure 3.13 depicts
the initial placement of the five Gaussian terms, as well as the overall function to be approximated. It
can be seen from the plot that the basis functions are equally distributed on the interval 50 to 200.
Figure 3.14 depicts the final location of the Gaussian basis functions. The unequal weights and the
shifted placement of the basis functions provide an efficient and cost effective approximation to the
original function.

The deterministic function approximation approach is probably not the best way to characterize an
RBF network when the relationship between the input and output parameters is a statistical rather a
deterministic one. It was suggested in Reference 79 that in this case it is better to consider the input
and output pair x, F(x) as realizations of random vectors which are statistically dependent. In such a
case, if a complete statistical description of the data is available, the output value can be estimated
given only the input values. However, since a complete statistical description is seldom available in
most cases, the optimal statistical estimator cannot be realized. One way to overcome the problem is
to assume a certain parametric model and use the data to construct a model which fits the data
reasonably well.2 A number of different neural networks based on parametric modeling of data have
been proposed in the literature. Among them are the so-called probabilistic neural networks (PNN)273
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and the Gaussian mixture (GM) model of References 80 and 81. The GM model is a parametric
probabilistic model based on the GM model discussed throughout this chapter. In the context of GM,
it is assumed that the available input/output pairs result from a mixture of N, populations of Gaussian
random vectors, each one with a probability of occurrence of w, i =1, ..., N,. Given that assumption,
a GM basis function network (GMBFN)® can be used to provide an estimate of the output variable
given a set of input values and the set of N, Gaussian bases. The GMBFN parallelizes the GM models
used in the development of non-linear statistical estimators. Parameter estimation techniques, such
as the EM algorithm discussed in this chapter, can be used to estimate the parameters of the GMBFN
model during training. The GMBFN network can be viewed as the link between the GM models used
in statistical signal processing and the RBF networks used for function approximation. This type of
network has been shown to have good approximation capabilities in non-linear mappings and has
been proven to provide efficient solutions in application problems such as channel equalization and
image restoration.

3.6 Concluding Remarks

In this chapter we reviewed some of the issues related to the GM approach and its applications to
signal processing. Due to the nature of the GM model, special attention was given to non-linear,
non-Gaussian signal processing applications. Novel signal processing techniques were developed to
provide effective, simple, and computationally attractive solutions in important application problems,
such as target tracking in polar coordinates and interference rejection in impulsive channels. Emphasis
was also given on theoretical results, such as the approximation theorem and the EM algorithm for
mixture parameter estimation. Although these issues are not related to any particular practical
application, they can provide the practitioner with the necessary tools needed to support a successful
application of GMs.

The authors’ intention was to illustrate the applicability of the GM methodology in signal processing
applications and to highlight the similarities between GM models used in statistical signal processing
and neural network methodologies such as RBF used in function approximation and optimization. Since
mixture model analysis yields a large number of theorems, methods, applications, and test procedures,
there is much pertinent theoretical work as well as research on GM applications which has been omitted
for reasons of space and time.

Apart from the practical problems discussed here, there is a large class of problems that appear to be
amenable to solution by GMs. Among them are emerging areas of significant importance, such as data
mining, estimation of video flow, and modeling of (computer) communication channels. It is the authors’
belief that GM models provide effective tools for these emerging signal processing applications, and,
thus, surveys on GM analysis and applications can contribute to further advances in these emerging
research areas.

References

1. D.M. Tittirington, A.E.M. Smith, and U.F. Makov, Statistical Analysis of Finite Distributions, Wiley,
New York, 1985.

2. G.J. McLachlam and K.E. Basford, Mixture Models: Inference and Applications to Clustering, Marcel

Dekker, New York, 1988.

B.S. Everitt and D.J. Hand, Finite Mixture Distributions, Chapman & Hall, London, 1981.

R.O. Duda and P.E. Hart, Pattern Recognition and Scene Analysis, Wiley, New York, 1973.

E.A. Patrick, Fundamentals of Pattern Recognition, Prentice-Hall, Englewood Cliffs, NJ, 1972.

R.S. Bucy and P.D. Joseph, Filtering for Stochastic Process with Application to Guidance, Interscience,

New York, 1968.

J. Koreyaar, Mathematical Methods, Vol. 1, pp. 330-333, Academic Press, New York, 1968.

ook w

~

©2001 CRC PressLLC



10.

11.
12.

13.

14.

15.

16.

17.
18.

19.

20.

21.

22.

23.

24,

25.
26.

27.

28.

29.

30.

3L
32.

33.

34.

W. Feller, An Introduction to Probability and Its Applications, Vol. Il, p. 249, John Wiley & Sons,
New York, 1966.

M. Aitkin and D.B. Rubin, Estimation and hypothesis testing in finite mixture models, J. R. Stat.
Soc. B, 47, 67-75, 1985.

K.E. Basford and G.J. MacLachlan, Likelihood estimation with normal mixture models, Appl. Stat.,
34, 282-289, 1985.

J. Behboodian, On a mixture of normal distributions, Biometrika, 57, 215-217, 1970.

J.G. Fryer and C.A. Robertson, A comparison of some methods for estimating mixed normal
distributions, Biometrika, 59, 639-648, 1972.

A.S. Zeevi and R. Meir, Density estimation through convex combination of densities: Approxima-
tion and estimation bounds, Neural Networks, 10(1), 99-109, 1997.

S.S. Gupta and W.T. Huang, On mixtures of distributions: A survey and some new results on
ranking and selection, Sankhya Ser. B, 43, 245-290, 1981.

V. Husselblad, Estimation of finite mixtures of distributions from exponential family, J. Am. Stat.
Assoc., 64, 1459-1471, 1969.

R.J. Hathaway, Another interpretation of the EM algorithm for mixture distributions, Stat. Prob-
ability Lett., 4, 53-56.

R.A. Maronna, Robust M-estimators of multivariate location and scatter, Ann. Stat., 4, 51-67, 1976.
R.A. Render and H.F. Walker, Mixture densities, maximum likelihood and the EM algorithm, SIAM
Rev., 26(2), 195-293, 1984.

T. Hastie and R. Tibshirani, Discriminant analysis by Gaussian mixtures, J. R. Stat. Soc. B, 58(1),
155-176, January 1996.

S.J. Yakowitz and J.D. Sprangins, On the identifiability of finite mixtures, Ann. Math. Stat., 39,
209-214, 1968.

S.J. Yakowitz, Unsupervised learning and the identification of finite mixtures, IEEE Trans. Inf.
Theory, 1T-16, 258-263, 1970.

S.J. Yakowitz, A consistent estimator for the identification of finite mixtures, Ann. Math. Stat., 40,
1728-1735, 1968.

H.G.C. Traven, A neural network approach to statistical pattern classification by semiparametric
estimation of probability density function, IEEE Trans. Neural Networks, 2(3), 366—377, 1991.

H. Amindavar and J.A. Ritchey, Pade approximations of probability functions, IEEE Trans. Aerosp.
Electron. Syst., AES-30, 416-424, 1994,

D.F. Specht, Probabilistic neural networks, Neural Networks, 3, 109-118, 1990.

T.Y. Young and G. Copaluppi, Stochastic estimation of a mixture of normal density functions using
an information criterion, IEEE Trans. Inf. Theory, 1T-16, 258-263, 1970.

J.C. Rajapakse, J.N. Gieldd, and J.L. Rapaport, Statistical approach to segmentation of single-
channel cerebral MR images, IEEE Trans. Med. Imaging, 16(2), 176-186, 1997.

P. Schroeter, J.M. Vesin, T. Langenberger, and R. Meuli, Robust parameter estimation of intensity
distributions for brain magnetic resonance images, IEEE Trans. Med. Imaging, 27(2), 172-186,
1998.

J.C. Rajapakse and F. Kruggel, Segmentation of MR images with intensity inhomogeneities, Image
Vision Comput., 16(3), 165-180, 1998.

S.G. Sanjay and T.J. Hebert, Bayesian pixel classification using spatially variant finite mixtures and
the generalized EM algorithm, IEEE Trans. Image Process., 7(7), 1024-1028, 1998.

H. Teicher, Identifiability of finite mixtures, Ann. Stat., 34, 1265-1269, 1963.

A. P. Dempster, N.M. Laird, and D.B. Rubin, Maximum likelihood from incomplete data via the
EM algorithm, J.R. Stat. Soc. B, 39, 1-38, 1977.

T.K. Moon, The expectation-maximization algorithm, IEEE Signal Process. Mag., 16(2), 47-60,
1997.

C.E. Priebe, Adaptive mixtures, J. Am. Stat. Assoc., 89, 796-806, 1994.

©2001 CRC PressLLC



35.

36.

37.

38.

39.

40.

41.

42.

43.

44,
45.
46.
47.
48.
49.

50.
51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

J. Diebolt and C. Robert, Estimation of finite mixture distributions through Bayesian sampling, J.
R. Stat. Soc. B, 56, 363-375, 1994.

M. Escobar and M. West, Bayesian density estimation and inference using mixtures, J. Am. Stat.
Assoc., 90, 577-588, 1995.

D.M. Titterington, Some recent research in the analysis of mixture distribution, Statistics, 21,
619-640, 1990.

P. McKenzie and M. Alder, Initializing the EM algorithm for use in Gaussian mixture modelling,
in Pattern Recognition in Practice IV, E.S. Gelsema and L.N. Kanal, Eds., Elsevier Science, New York,
pp. 91-105, 1994.

A. Witkin, Scale space filtering, Proc. Int. J. Conf. Artificial Intelligence, IJCAI-83, 1019-1022, 1983.
M.J. Carlotto, Histogram analysis using a scale space approach, IEEE Trans. Pattern Recognition
Mach. Intelligence, PAMI-9(1), 121-129, 1987.

A. Goshtasby and W.D. O’Neill, Curve fitting by a sum of Gaussians’, Graphical Models Image
Process., 56(4), 281-288, 1994.

G. Celeux and J. Diebolt, The SEM algorithm: A probabilistic teacher algorithm derived from the
EM algorithm for the mixture problem, Computat. Stat. Q., 2, 35-52, 1986.

H.H. Bock, Probability models and hypotheses testing in partitioning cluster analysis, in Clustering
and Classification, P. Arabie, L.J. Hubert, and G. DeSoete, Eds., pp. 377-453, World Scientific
Publishers, Singapore, 1996.

J.L. Solka, W.L. Poston, E.J. Wegman, and B.C. Wallet, A new iterative adaptive mixture type
estimator, Proc. 28th Symp. Interface, in press.

C.E. Priebe and D.M. Marchette, Adaptive mixtures: Recursive nonparametric pattern recognition,
Pattern Recognition, 24, 1197-1209, 1991.

D.B. Cooper and P.W. Cooper, Nonsupervised adaptive signal detection and pattern recognition,
Inf. Control, 7, 416-444, 1964.

B.S. Everitt, Graphical Techniques for Multivariate Data, Heinemann, London, 1978.

R.S. Bucy, Liner and non-linear filtering, Proc. IEEE, 58, 854-864, 1970.

D.G. Lainiotis, Partitioning: A unifying framework for adaptive systems I: Estimation, Proc. IEEE,
64, 1126-1143, 1976.

R.S. Bucy and K.D. Senne, Digital synthesis of non-linear filters, Automatica, 7, 287-298, 1971.
H.W. Sorenson and D.L. Alspach, Recursive Bayesian estimation using Gaussian sums, Automatica,
7, 465-479, 1971.

H.W. Sorenson and A.R. Stubberud, Nonlinear filtering by approximation of a-posteriori density,
Int. J. Control, 18, 33-51, 1968.

T. Numera and A.R. Stubberud, Gaussian sum approximation for non-linear fixed point prediction,
Int. J. Control, 38, 1047-1053, 1983.

D.L. Alspach, Gaussian sum approximations in nonlinear filtering and control, Inf. Sci., 7, 271-290,
1974.

T.S. Rao and M. Yar, Linear and non-linear filters for linear, but non-Gaussian processes, Int. J.
Control, 39, 235-246, 1983.

D. Lerro and Y. Bar-Shalom, Tracking with debiased consistent converted measurements versus
EKF, IEEE Trans Aerosp. Electron. Syst., 29(3), 1015-1022, 1993.

W.-1. Tam, K.N. Plataniotis, and D. Hatzinakos, An adaptive Gaussian sum algorithm for target
tracking, Signal Process., 77(1), 85-104, August 1999.

R. Vijayan and H.V. Poor, Nonlinear techniques for interference suppression in spread-spectrum
systems, IEEE Trans. Commun., COM-38, 1060-1065, 1990.

K.S. Vastola, Threshold detection in narrowband non-Gaussian noise, IEEE Trans. Commun.,
COM-32, 134-139, 1984.

L.M. Garth and H.V. Poor, Narrowband interference suppression in impulsive environment, IEEE
Trans. Aerosp. Electron. Syst., AES-28, 15-33, 1992.

©2001 CRC PressLLC



61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.
73.

74.

75.

76.

7.

78.

79.

80.

81.

C.J. Masreliez, Approximate non-Gaussian filtering with linear state and observation relations,
IEEE Trans. Autom. Control, AC-20, 107-110, 1975.

W.R. Wu and A. Kundu, Recursive filtering with non-Gaussian noises, IEEE Trans. Signal Process.,
44(4), 1454-1468, 1996.

W.R. Wu and P.P. Cheng, A nonlinear IMM algorithm for maneuvering target tracking, IEEE Trans.
Aerosp. Electron. Syst., AES-30, 875-885, 1994.

G.A. Hewer, R.D. Martin, and J. Zeh, Robust preprocessing for Kalman filtering of glint noise,
IEEE Trans. Aerosp. Electron. Syst., AES-23, 120-128, 1987.

Z.M. Durovic and B.D. Kovacevic, QQ-plot approach to robust Kalman filtering, Int. J. of Control,
61(4), 837-857, 1994.

A.R. Webb, Functional approximation by feed-forward networks: A least squares approach to
generalization, IEEE Trans. Neural Networks, 5, 363-371, 1994.

J. Mooddy and C.J. Darken, Fast learning in networks of locally-tuned processing units, Neural
Computat., 1, 281-294, 1989.

L. Jin, M.M. Gupta, and P.N. Nikiforuk, Neural networks and fuzzy basis functions for functional
approximation, in Fuzzy Logic and Intelligent Systems, H. Li and M.M. Gupta, Eds., Kluwer Aca-
demic Publishers, Dordrecht, 1996.

T. Poggio and F. Girosi, Networks for approximation and learning, Proc. IEEE, 78, 1481-1497, 1990.
D.A. Cohn, Z. Ghrahramani, and M.l. Jordan, Active learning with statistical models, J. Artificial
Intelligence Res., 4, 129-145, 1996.

M.I. Jordan and C.M. Bishop, Neural Networks, A.l. Memo No. 1562, Massachusetts Institute of
Technology, Boston, 1996.

B. Mulgrew, Applying radial basis functions, IEEE Signal Process. Mag., 13(2), 50-65, 1996.

H.M. Kim and J.M. Mendel, Fuzzy basis functions: Comparisons with other basis functions, IEEE
Trans. Fuzzy Syst., 3, 158-168, 1995.

A. Jepson and M. Black, Mixture Models for Image Representation, Technical Report ARK96-PUB-
54, Department of Computer Science, University of Toronto, Canada, March 1996.

P. Kontkane, P. Myllymaki, and H. Tirri, Predictive data mining with finite mixtures, in Proceedings
of the 2nd International Conference on Knowledge Discovery and Data Mining, IEEE Computer
Society Press, Portland, OR, pp. 176-182, 1996.

I. Caballero, C.J. Pantaleon-Prieto, and A. Artes-Rodriguez, Sparce deconvolution using adaptive
mixed-Gaussian models, Signal Process., 54, 161-172, 1996.

Y. Zhao, X. Zhuang, and S.J. Ting, Gaussian mixture density modeling of non-Gaussian source for
autoregressive process, IEEE Trans. Signal Process., 43(4), 894-903, 1995.

J. Park and I.W. Sandberg, Universal approximation using radial-basis function networks, Neural
Computat., 3, 246-257, 1991.

I. Cha and S.A. Kassam, Gaussian-mixture basis function networks for nonlinear signal processing,
Proc. 1995 Workshop Nonlinear Signal Process., 1, 44—-47, 1995.

I.Chaand S.A. Kassam, RBNF restoration of nonlinear degraded images, IEEE Trans Image Process.,
5(6), 964-975, 1996.

R.A. Render, R.J. Hathaway, and J.C. Bezdeck, Estimating the parameters of mixture models with
modal estimators, Commun. Stat. Part A: Theory and Methods, 16, 2639-2660, 1987.

©2001 CRC PressLLC



Matched Field
Processing — A Blind
System ldentification

Technique

N. Ross Chapman 4.1 Introduction
University of Victoria 4.2 Blind System ldentification
N Basic Concept and Formulation  Identifiability « Bartlett
Reza M. Dizaji Matched Field Processor Family
University of Victoria 43  Cross-Relation Matched Field Processor
R. Lynn Kirlin Cro_ss-ReIation Concept » Deterministic Sourc_es * Non-
Stationary Random Sources * Wide-Sense Stationary Random

University of Victoria
Sources

4.4 Time-Frequency Matched Field Processor
Background Theory ¢ Formulation

4.5 Higher Order Matched Field Processors
Background Theory « Formulation

4.6  Simulation and Experimental Examples
Simulation Results « Experimental Results

References

4.1 Introduction

In underwater acoustics, there has been an intensive research effort over the past 20 years to develop
model based signal processing methods'-2 and system-theoretical approaches* for use in advanced sonar
design. One of the techniques, known as matched field processing (MFP), has gained widespread use.
MFP was described in the underwater acoustics literature initially as a generalized beamforming method
for source localization with an array of sensors.’-* More recently, MFP has been applied as an inversion
method to estimate either the source location or the environmental parameters of the ocean waveguide
from measurements of the acoustic field.>'? The technique has been remarkably successful, and there is
now extensive literature on various applications. Readers can refer to the review paper by Baggeroer et
al.5 and the monograph by Tolstoy® for information on various matched field (MF) processors that are
in use. Applications for inversion of source location and waveguide model parameters are addressed in
recent special issues of the IEEE Journal of Oceanic Engineering®® and Journal of Computational Acoustics.*

MFP can be considered as a sub-category of a more general approach known as blind system identi-
fication (BSI). Blind system identification is a fundamental signal processing technique for estimating
both unknown source and unknown system parameters when only the system output data are known.®
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The technique has widespread application in a number of different areas, such as speech recognition,
cancellation of reverberation, image restoration, data communication, and seismic and underwater
acoustic signal processing. In many instances, especially in sonar and seismic applications, the transfer
function, or signal propagation model, is nearly known, and the desired result is not the transfer function
itself, but the unknown parameters of the signal propagation model. For example, in underwater acoustics
numerical methods based on ray theory,¢ wave-number integration,'” parabolic equation,'8® and normal
modes®2! are available for calculating the acoustic field in an arbitrary waveguide to very high accuracy;
the task is instead to find the unknown parameters of the waveguide by modeling the acoustic field.

In this chapter, we focus on the class of problems for which there is some information about the signal
propagation model. From the basic formalism of BSI, we derive methods that can be used to determine the
unknown parameters of the transfer function. We show that the widely used Bartlett family of MF processors
can be obtained from this formalism. We then introduce a cross-relation (CR) MFP technique and demon-
strate its performance for estimating the source location and the environmental parameters of a shallow water
waveguide. The source is assumed to be either broadband or narrowband random noise. However, estimation
formulas are derived for deterministic, non-stationary (NS), and wide-sense stationary (WSS) random
sources. For the NS case, two formulations are proposed, one of which is based on an evolutive spectrum
concept that obtains the advantages of time-frequency analysis. For each formulation, two estimation methods
are proposed, based on a self-CR and a cross-CR processor (defined according to the specific output channel
signal that is used to construct the estimator). All the preceding formulations are derived as second-order MF
processors. We extend the CR concept to higher order and discuss the application to real data.

4.2 Blind System Identification

4.2.1 Basic Concept and Formulation

The model for a multi-channel, single input multiple output (SIMO) system is shown in Figure 4.1.
When the system is linear and time invariant, the system output for the it channel, x;(t), is given by

xi(t) = yi(t) +wi(t) (4.1

Wy

92IN0S
Jorewnsy
la)awered

FIGURE 4.1 The model for a SIMO system.
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where y;(t) = s(t) * h;(t). Here, s(t) is the unknown input source, h;(t) is the transfer function for the it
channel, and w;(t) is additive noise. For underwater acoustics, the transfer function h;(t) corresponds to
the paths traveled by acoustic waves from the source to the it sensor in an array.

The analysis is convenient in the frequency domain using a matrix form in which all channel
quantifies are stacked into a single vector. Thus, the measured signal vector representing the system
output is given by

with X; = [xy(f) X,(f)-.. xy(f)]" and ()" representing the Hermitian operator. Based on the system
block diagram in Figure 4.1,

X=Y+W (4.3)
where Y is the received signal vector given by

Y = HD (4.4)

u

and W is additive noise that is assumed to be spatially and spectrally independent, zero-mean, Gaussian
noise having a covariance matrix for each spectral component

Cu ' =a1"Ni=12..,N (4.5)
D, is the signal input vector given by

D, = diag(usUsp...Usy) (4.6)

The source generates either a deterministic or a random signal that can be narrowband or broadband
with M frequency components f, p=1, ..., M.
H is a generalized Sylvester matrix??

H = [HaHpa - Hiweal 4.7

where Hr, = [H,(f:A)H,(f;A) ... Hy(f;;A)]" whose components H;(fA),j =1, ..., N are the Fourier
transforms of the transfer functions hj ,J=1,2,...,N. The vector A corresponds to the set of unknown
channel parameters, for instance, the set of source location or waveguide model parameters. The columns
of matrix H are linearly independent, since each of them corresponds to a distinct frequency.

4.2.2 ldentifiability

A system is considered to be completely identifiable if all unknown system parameters can be deter-
mined uniquely from output signals. However, from Equations 4.3 and 4.4, it is clear that a measured
output X can only imply an input source D, or a system transfer function H to within an unknown
scalar constant. Identifiability conditions have been studied in detail by Hua and Wax? and further
by Abed-Meraim et al.?*

The necessary and sufficient conditions for identifiability ensure the following intuitive requirements
for SIMO systems:

1. All channels in the system must be sufficiently different from each other. For example, measured
outputs cannot be the same for any two channels.

2. The number of channels and size of the finite impulse response (FIR) transfer functions are known
a priori.
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3. There must be a sufficient number of output data samples; the number of data samples cannot
be less than the number of unknown system parameters.

4. The input source must be sufficiently complex. For example, it cannot be zero, a constant, or a
single sinusoidal.

The last three assumptions are based on the condition that an FIR structure is used. In practice,
especially in underwater acoustic approaches, we often know the sinusoidal model of signal propagation,
and the task is to estimate unknown parameters of the model. For the specific problem of estimating
unknown parameters of the transfer function, the question of identifiability is somewhat difficult. In this
case, the necessary conditions are satisfied, but the sufficient conditions are generally not satisfied.

There are two powerful techniques in widespread use for identifying the system transfer function in
Equation 4.7.%° The first is the classic maximum likelihood method that is applicable to any estimation
problem for which the probability density function of the available data is known. The second method,
the channel subspace method, is easily adapted to the problem of estimating unknown parameters of the
transfer function.

4.2.3 Bartlett Matched Field Processor Family

The Bartlett MF processor family is the most widely used for source localization and environmental
parameter estimation. Some well-known MF processors like minimum variance, multiple constraint, and
matched mode processors are members of this family.6®

From Equation 4.3, the covariance matrix of the measured data (for deterministic signals) is expressed
as

Cx = Cy+Cy = HD,DyH" +Cy = HD .H"+Cy

) R 2 ) (4.8)
D‘u‘z = diag(|ugl, |ugl®, -y [uml?)
With a random source, Equation 4.8 becomes
Cx = Cy+Cy = HE(D,Dy)H" +Cy, = HDs H'" +Cy “9)
Ds, = diag(Sy(fy), Su(f2), ..., Sulfu)) '
where S,(f), i = 1, 2, ..., M is the power spectral density of the random source at the i*" frequency.

Equations 4.8 and 4.9 represent a relationship between the signal and noise subspaces of Cy and the
column vectors of H based on the following theorem.

Theorem

There is a linear relationship between the eigenvectors of the received signal covariance matrix C, (which
spans the signal subspace of C,) and the non-zero columns of the transfer function matrix H if, and only
if, DM2 is full rank.

Proof?®
Let the singular value decomposition (SVD) of C, be given by

Cy = UyA\UY = HDg H" (4.10)

where U, and A, are matrices of eigenvectors and eignvalues of the covariance matrix of C,, respectively.
Now, define K as

K = AY*Q D5 (4.11)
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where Q can be any M x M unitary matrix and DM2 is full rank. Substituting Equation 4.11 in Equation
4.10 we obtain the following equation:

Cy

UyAVUY = UVAYAAY)UY = UyKDS "Dy ) KUY
‘ " (4.12)

UyKD; KUy = HDg H"

Equation 4.12 implies the following linear relationship between the eigenvectors of C, (which span the
signal subspace of C,) and the columns of the transfer function matrix H:

UK =H (4.13)

The above theorem implies that

1. D‘uz must be full rank.

2. Since Uy is not a null matrix, then H;(f), i = 1, 2, ..., N should not share common zeros at all
frequencies.

The uniqueness conditions for random sources are the same as the conditions for deterministic sources,
except that we have an expectation operator rather than a deterministic measure. For random sources,
the theorem implies that Ds should be full rank, so the power spectral density (PSD) of the source must
be non-zero over the frequency band.

Using the theorem, we will describe two formulations based on the multiple signal classification
(MUSIC) concept? to estimate the unknown transfer functions. These formulations are categorized as
channel subspace (CS) methods in the BSI literature. The theorem provides both necessary and sufficient
conditions for estimation of transfer functions. However, for source localization and environmental
parameter estimation from field data, the theorem only provides the necessary conditions for the existence
of solutions for the parameters.

In the first formulation we consider the fact that the space spanned by the columns of the matrix H
is orthogonal to the null subspace of C,. Therefore, we have

I:ifh::;L\JS'C = arg minHHﬂAEn
Pa =2

2 .
, |

=12 ..M (4.14)

where E, is a matrix with columns consisting of eigenvectors of the noise subspace of C,. The reason for
using Cy instead of C, is that in reality there is no way to measure C,. C, is full rank with ordered
eigenvalues as below:

)\512)\522 ...,)\STE)\nlz)\nz = .. = }\”(an =A 4.15)
T: # of sources

Replacing C, with Cy gives an acceptable estimation of the transfer function if the ratio A, /A is large
enough forall1<i<T.

In Equation 4.14 it is assumed that the minimizing procedure results in the global minimum point.
In the MFP literature, the inverse of Equation 4.14 is known as the eigenvector processor.?” Tolstoy® has
commented that the eigenvector processor is not appropriate for estimating source or spectral intensities
since it is seeking the zeros of Equation 4.14, whereas we have shown theoretically that the processor
gives us a unique answer for transfer functions if the conditions of the theorem are satisfied. The MUSIC
algorithm has been widely used in source localization for horizontal arrays, and there is a large body of
work published on this technique, most of which has assumed plane wave fields and mutually uncorre-
lated sources. The plane wave assumption is to assure that the sufficiency conditions are satisfied for the
uniqueness of the source localization. The approximate orthogonal processor (AOP)? is another processor
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using the same concept as MUSIC. Fizell> has commented that the disadvantages of the AOP include its
high false alarm rate and its instability in the presence of noise. The instability comes from the inability
to truly separate the signal subspace from the noise subspace when the signal-to-noise ratio (SNR) is
low. In this case, we can use some model order estimators such as the Akaike?® or the minimum description
length (MDL)® to overcome this problem.

In the second formulation the projection of the column vectors of H onto the signal subspace of C,
is maximized. Thus, we have

~ MUSIC

Hia

=12..,M (4.16)
H” A
where E, is a matrix whose columns are the eigenvectors of the null subspace of C,.

The formulation in Equation 4.16 is applicable to any vector located in the signal subspace of C,, and,
thus, includes the received signal vector, i.e., Yfi i=1 2, ..., M,so that we may write

~ Bartlett
Hia = arg max‘Hf AYf

[P =+

i=1...,M (4.17)

where Yy is the received signal vector at the frequency f;.

Equation 4.17 is known as the narrowband Bartlett MF processor, from which the source location or
environmental parameters of the transfer functions are estimated. The formulation can be extended to
multiple frequencies in either the coherent form,

~ Bartlett

A = arg max ZHf AYf Ji=1..,M (4.18)
[ =
or the incoherent form,
AR = arg maxZ\Hf Wi =1 M (4.19)

[P =+

For random sources, Equations 4.18 and 4.19 become

FIEE — arg maxz Z HEAE(Y;Y;)H; ) = arg maxZZ(HE';Acyf Hi)ij = 1,2,..,M (420)
ij
i

[Fia] = [l =
for the coherent form of the Bartlett processor and

AR = argmax S (HiAE(Y; YI)H; ») = arg maxZ(HE';ACYf_Hfi;A),i =1,2...M (4.21)

A = 5 [ =
for the incoherent form, where
CYfi = [SYp' yq(fi)] p.g=1..N and CYfi,fj = [Syp' yq(fi’ fJ)] p.g=1,..N (422)

y Y, (f) and Sy Y, (fi, ;) are the PSD and cross PSD of y,(f) and y,(f), respectively. In practice, CY and
CYf . 1,j=1,2, ..., M are obtained using the periodogram technique.*
Ad mentioned before, we have in practice no access to the received signals, so use of the measured
signals is inevitable. This suggests a sub-optimum formulation. In this case, assuming that the SNR is
high enough, we find the maximum likelihood measure of the estimated transfer functions to be
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FfA " =arg max(Hf'ACy, Hii = 1M (4.23)

T

where
— H
Cx, = E(XX3)

and X; is the measured signal vector at the frequency f.
The non-coherent form of the processor for a broadband signal is

M
~ Bartlett

Hia = arg max Z(Hf ACXfo Ani=1..,M (4.24)

Although the processor in Equation 4.24 is a significant advance over conventional plane wave processors,
it is not perfect because of its sidelobes and lack of resolution at the source location. However, this kind
of processor (linear processor) has the least sensitivity to the mismatch between the waveguide model
and the real environment.

In an effort to improve the Bartlett processor performance, the minimum variance (MV) processor
has been developed. It has been designed to be optimum in the sense that the output noise power is
minimized subject to the constraint that the signal be undistorted by the filter. The processor is defined as

HfA = arg max ———l——— i=1..M (4.25)
\Wfﬂ*l(HfAfoHfA)

There are two possible non-coherent formulations for wideband MV processors. The first one sums
the denominator terms for different frequencies, giving the reciprocal of sums

HX‘V = arg max M; (4.26)
Hpal =1i=12...M _
H f, AH z (HE‘;Acxz Hfi;A)
i=1

The other formulation adds a term for each frequency, giving the sum of reciprocals

M
~ MV 1

Ha' = arg max .
e e )

(4.27)

The reciprocal of the sum formulation (Equation 4.26) is closer to the non-coherent concept than the
sum of reciprocals (Equation 4.27). The reason is that in the reciprocal sum formulation the maximum
point is obtained only if all denominator values corresponding to different frequencies have small values,
while in the sum of reciprocal formulation the maximum point can be obtained if only one denominator
term (corresponding to one frequency) is small. We would expect the reciprocal of the sum formulation
to be more stable and accurate.

The covariance matrix of the received signal should be full rank, given that all conditions mentioned
for the Bartlett processor are satisfied. Sometimes it may be necessary to diagonally load the matrix, i.e.,
add some small quantity to the diagonal. The performance of the MV processor degrades rapidly in the
presence of errors in the model estimates of the field as well as under mismatch conditions. This sensitivity
requires that quantitative knowledge of the environmental parameters must be extraordinarily accurate.
In addition, the propagation model used must also be highly accurate, a difficult requirement if range
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and depth change rapidly in space. Finally, the MV performance mimics that of the Bartlett processor
in low signal-to-noise conditions if noise is temporally and spatially white Gaussian.

In order to overcome the high sensitivity of the MV processor, Schmidt et al.3* have introduced a
multiple constraint (MC) processor. The principle behind the approach is to design a neighborhood
response rather than a single point response, e.g., near the precise source range and depth, for which the
signal is passed without distortion. The derivation of the MC processor is very similar to that of the MV
processor, except that the constraint condition which optimized the response only at a single point is
extended by a system of constraints imposed at L neighborhood points. For the vector d with L entries
corresponding to constraints at L points, the processor is given by

d"(H'ACx Hy0) d
' i=1..M (4.28)

~ MC
Hi:a = arg max — )
[Fea] =2 d (Hfi;AHfi;A) d

For wideband MC processors, the non-coherent formulation is given by

M d"(H'ACx Hy 0 d
MC i fi i
Ha =  argmax z — -

HH'i"‘Hlesz""Mi:l d (Hfi;AHfi;A) d

(4.29)

Schmidt el al. suggest that the number of constraints be L = 2N, + 1, where N, is the number of
dimensions or parameters in the problem.3!

The matched mode processor (MMP) proposed by Shang® and Yang® operates in modal space (recall
the normal mode solution of wave propagation) in contrast to the Bartlett processor that operates in
field space, using the signals recorded by hydrophones. The key advantage of MMP is that prior to
processing the data can be filtered to eliminate modes which degrade the localization, e.g., poorly modeled
or noise-dominated modes. The technique requires that the number of hydrophones N be greater than
or equal to the number of effective modes L at the array range. The non-coherent, wideband MMP is
given by

M

Ha =  argmax z

[Fia =2i=1 2. M

L 2
aa

=1

(4.30)

i=1

where 3, is the I'" modal excitation inferred from the data; that is,
L
X (f) = za|(fi)w,(zk, f),i=212..,M;k=12..N
=1
and &, is the model prediction for the It modal excitation; that is,
L
H(f) = Zé,(fi)%(zk, f,i=212...Mk=12..N
=1

where W, I =1, ..., L are excited modes, and M is the number of frequency components. The performance
of the processor is highly dependent upon the accuracy with which the mode excitation a, can be inferred
from the data, particularly for finite aperture vertical arrays that discretely sample the field. MMP and
Bartlett processors are equivalent if the vertical array fully samples the effective modes composing the
field at the array range.
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4.3 Cross-Relation Matched Field Processor

This section introduces the CR based MF processor technique for estimating the source location and
environmental parameters in shallow water. The source is assumed to be either broadband or nar-
rowband random noise. However, the processor can be applicable for broadband and narrowband
deterministic sources. The estimation formulas are derived for deterministic and random sources
including NS, and WSS random sources. For the NS case, two formulations are proposed: one is
based on a time-varying correlation function, and another is based on an evolutive spectrum concept
to obtain the advantages of time-frequency analysis. For each estimation formula, two estimation
methods are proposed: one is the self-CR, and the other is a cross-CR named according to which
channel output signal is used to construct the estimator. All the above formulations derive a second-
order MF processor.

We extend the second-order CR concept to introduce higher order MF processors. The higher order
characteristic of these processors provides the ability of canceling the effect of Gaussian random sources
(either white or non-white) since the third and some higher order moments of Gaussian random signals
are zero.

4.3.1 Cross-Relation Concept

Let us consider the geometry of the measurement system in shallow water using a vertical linear array
with N sensors. A schematic diagram to demonstrate the CR concept for each pair of sensors is shown
in Figure 4.2. The cross-relation in Equation 4.31 between the transfer function and the measured signal
for any pair of sensors follows from the linearity of the transfer functions.

Eyp(n) = hy(n;a)*S(n)
Vq(n) = he(n;a)*S(n)
p.q=12..,N;p#zq,n =12, ...,L

O hy(nsa)*ye(nia)*y,(n) (431)

Equation 4.31 shows that the outputs of each channel pair are related by their channel responses. It gives
a relationship that allows, under certain identifiability conditions, identification of multi-channel systems
based on only channel outputs. Consequently, the method can be classified as a blind identification
technique.

4.3.2 Deterministic Sources

For the deterministic source, Equation 4.31 can be rewritten in the following matrix form to solve for
all channel responses simultaneously.

Yh=0 (4.32)
Yp @ sensor
- "p"
- @ source
- ng
Yqg @ sensor
- "q"

FIGURE 4.2 A scheme to demonstrate the CR concept for each pair of sensors.
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where

h=[hl hl, ...,h5] " h = [h(L=1), ...h(O)] i = 1,2 ...,N

T T T
Yoo Yo apeas oo Youn-t

Y= Nﬂ\‘—:Bblocks
2

¥XNL
PapEG ._9., X,B \9-4 _~Yv-9 0
M M M M
rx(p_:]_)L IXL rx(q—p—l)L rXL
Y,(0) Yp(L—1)
Y, =
Yo(M-L - 1) Yp(M-1)

The above multi-channel system can be identified uniquely (up to a scalar) if, and only if, the null
space dimension of the data matrix Y is one. This is a general necessary and sufficient condition for
channel identification. Xu et al.?? have given theorems and explicit expressions that provide insight into
the characteristics of the channels and input signal. The proof is given in the time domain; however, it
is easier to prove it in the frequency domain. We begin by writing Equation 4.31 in the frequency domain:

DYp(fi) = Hp(fi ;A) SfI

O H,(f;A)Y,(F) = H,(f:A)Y,(f,
BYa(f) = Hy(f:A)S, p(iA)Yo(f) = Ha(iA)Y,(f) (4.33)
p,g =12..,N p#q;i=1,..,L
Rewriting Equation 4.33 for all channels, we have
YeH; = 0°**
T T
Yé”“=&12’---,qu,paq,---,YL,NJ,H';’““: Hiz o Hpgpea - Hunoa|  (4.34)
=T
T2

p=12...N g=p+1,...,N

where

Y,(f) Y, (f) O 0 0 0
o 0 0 Y(f) Vi) .. 0 0
Yoo = 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 e Y(R) Y(f)
Hq(f, A) Hy(f, A) 0 0 0 0
) 0 0 Hy(f2 A) Hy(fy A) 0 0
Lx2L
Hooo = 0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 . Hg(fL, A) Hy(fL, A)
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We first state the following lemma.

Lemma
The matrix H; is full column rank if, and only if, for all the frequency bands f,, i =1, 2, ..., L the transfer
functions Hp(fi;A), p=1, ..., Nare not zero.

Proof
The proof of lemma is straightforward since H,(f;A), p = 1, ..., N are columns of H.. Now, we state the
following theorem that gives the identifiability condition.

Theorem
The multi-channel system (in the frequency domain) is uniquely identified up to a scalar if, and only if,
the null space dimension of Y. is L while H; is assumed to be full column rank (i.e., the lemmais satisfied).

Proof
The proof of the theorem is straightforward and can be found in Reference 25.

In order to have the null space dimension of Y. equal to L, assuming the condition in the lemma is
satisfied, S, i=1,2, ..., L should be non-zero (see Equation 4.31). This implies that the source signal
should be sufficiently complex, another form of condition 2 given in Reference 22.

Equation 4.34 describes the noise-free case. For the case where channels are corrupted by noise, the
following MF processor is proposed based on the least square criterion:

A = argmin E([X:He) (4.35)
[Hy(EA) =1p=1,..,N

X is the matrix of the measured signal with dimensions 2Lr x L where r = (N(N — 1))/2.

T

X; = | Xi2 ---,X;,q,pm---,XL,N_j,p =1,2..,N q=p+1..,N

Xo(f) X (f) 0 0 0 0
0 0 X,(f) X (f) .. 0 0
Xog = | 0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 e X0 X))

In MF inversion, ensuring identifiability conditions for the transfer functions h does not guarantee a unique
solution. The sufficiency conditions are highly dependent on the particular model for the ocean waveguide
and the specific parameters. Since the ocean environment is very complicated and there is generally no exact
analytical relationship between the model parameters and the acoustic field, ocean parameters cannot be
fully interpreted by the model, and it is not practical to analytically determine the sufficiency. In order to
satisfy the sufficiency, we should carefully set the bounds of parameter variations. The bounds are usually
obtained from complementary information provided by other sources such as ground truth data.

4.3.3 Non-Stationary Random Sources

Let us multiply both sides of Equation 4.31 by the conjugate of y,(n;) or y,(n,) to produce the self-CR
equation or by y(n,), k =1, ..., N, k # p, q to produce the cross-CR equation, and then apply the
expectation operator to this product. Here, n, is the time index, independent of n. A scheme to demon-
strate the cross-CR technique is shown in Figure 4.3. The results are given in Equation 4.36 for the self-
CR estimator and Equation 4.37 for the cross-CR estimator.
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FIGURE 4.3 A scheme to demonstrate the cross-CR technique.

ho(n;00)* E(Yq(N)y,(ny)) = hy(nsa)*E(y,(n)y,(ny))
hp(n;a)*quvyp(n,nl) = hq(n;a)*Ryp(n,nl)

p.g =12 ...,N;p#q

hy(NA)*E(Ya(n)Yi(n1)) = hy(nia)* E(Yp(n)Yi(ny))
hy(n;a)* qu,yp(n, n, = hq(n;a)*Rypvyk(n, ny)

p.g=212..,N;k=1 .., Nk#p,q

(4.36)

(4.37)

For an NS source, Equations 4.36 and 4.37 can be rewritten in the following matrix form to solve for

all channel responses simultaneously.

Ry,self-CR(nl)h = O, Ry.cross—CR(nl)h = O

where

h=Thlh],....h]" 0 = [h(L=1),....h(O)] i = 1,2, ...

T T T
Ry,self-CR(nl) - Rl, Z(nl)i L] Rp,q;piq(nl)l ---vRN,N—l(nl)

wmocks

RI 23(N1), -y R;,q,k;kzp,q(nl)v s RL,N—l,N—z(nl)

Ry,cross-CR(nl) = i —

Mblocks
3

M><NL
R;q;piq(nl) = 0 qu,yp(nl) 0 _Ryp(nl)
— -— - -—
T x(p-1)L FxL L x(q-p-1)L %xL
M><NL
L
Rp,q,k;kip,q(nl) = 0 qu,yk(nl) O _Ryp,yk( 1)
- T - "
%X(P—l)L TxL ¥><(q—p—1)L = xL
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Ryyy,(0, 1) oo Ry (L=1,ny)

Ry Y (nl) =
oY
Ry y,(M=L=1n;) ... Ry , (M=1,n))

Ryp(O, n,) Ryp(L—l, n,)
Ryp(nl) =
RYP(M—L—l, n,) ... Ryp(M—l, n,)

The identifiability condition requires that the null space dimension of matrices Ry s.cr and Ry ¢os.cr
should be one, while the vector h should be non-zero, implying that h;, i = 1, 2, ..., N should not be
zeros. To give more explicit expressions and provide more insight into the characteristics of the channels
and the source signal (similar to what we had for deterministic sources, but here we have a statistical
sense), the following conditions are given:

1. The polynomials {H;(2)}, i =1, ..., N are coprime, i.e., they do not share any common roots.
2. The linear complexity of the expected value of the NS source signal is greater than 2L + 1 (for
sufficient condition) and not less than L + 1 (for necessary condition).

As shown above, the cross-CR estimator only has cross-correlation components, so in the presence of
spatially white noise, this estimator gives better performance than the self-CR estimator which contains
noise autocorrelation.

For the case where channels are corrupted by noise, the following least square estimators are proposed:

PRa’ = Y IResarcroN ™ PRE™ = 5 IR crosscalma)h] ™ (439)
m ny

. . . . -CR
Ideally, at solutions, the inverse terms in the series go to zero, and for Py

. . 1f-CR . - .
however, due to the noise autocorrelation, Pﬁiu remains finite at solutions.

, they become infinite;

4.3.4 Wide-Sense Stationary Random Sources
For WSS sources, Equation 4.36 for self-CR and Equation 4.37 for cross-CR become

hp(n;a)*qu,yp(n—nl) = hq(n;or)*Ryp(n—nl)
Hp(mF;a)Syqyyp(mF) = Hq(mF;a)Syp(mF) (4.40)
p,g = 1,2 ..,N;p#q
ho(ma)*Ry y (N=n1) = he(nia)*Ry y (n—ny)
Hp(mF;a)Syq‘yk(mF) = Hy(mF;a)S, , (mF) (4.41)
p.g=212..,N;k=1 .. Nk#p,q

yp- Yk

where Syp(f) is the PSD of y,, and Syp, yq(f) is the cross PSD of y, and y,. Equations 4.40 and 4.41 can
be written in the following matrix form to solve for all channel responses simultaneously:

Sy, seIf»CRH = 0! Sy, cross»CRH =0 (442)

where
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H=[HLH], ....,HY" H = [H,(0), H(F),....H(L-1F)]"i=12..N

T T
S — Sl,2’---ysp,q;p¢qy---1SN,N—l
V,5elf-CR 7 | v
N(NTflsblocks
T T
S _ S1,2,3! ""Sp,q,k;kip,ql ""SN,N—LN—Z
Y,cross-CR = | i >
NN -D(N=2)p00ks
3
1xNL  _
Spaprq = 0 Sy, 0 -S,, 0
- - ——
Ix(p-1)L 1xL 1x(q-p-1)L 1xL
1xNL _
Spakkzpg = 0 Syq,yk 0 _Syp,yk 0
— — St —
1x(p-1)L 1xL 1x(q—-p-21L 1xL

Sy, = [85,5,(0)..8, , (L=D)F)LS, =[S, (0)...8, (L—1)F)]

The identifiability condition is that the null space dimension of matrices S, y.cgk aNd S, ;;ess.cr ShoUId
be one and that H;, i = 1, 2, ..., N should not be zero.

Again, the cross-CR estimator only has signal cross-spectrum density components, so in the presence
of spatially white noises this estimator performs better than the self-CR estimator, which has both PSD
and cross PSD.

The unknown parameter is estimated by maximizing the following equations when the channels are
corrupted by noise:

PESS® = [SeseircrH ™ PERR = 1S, sarcaHI ™ (4.43)

Equation 4.43 can be rewritten in the following form to give more explicit expressions:

P;elf-CR,Linear — . - 1 (444)
Z Z Z ‘Sxi(fk) Hj;a(fk) _Sxi, ><j(fk)Hi;o((fk)‘2
= =1
P(;ross-CR,Linear — . 1 (4_45)
Z Sy Z S (FMHiia (1) = Sy () Hia ()]
=T iz ki

4.4 Time-Frequency Matched Field Processor

4.4.1 Background Theory

Time-frequency representations (TFR) of signals map a one-dimensional signal of time, x(t), into a two-
dimensional function of time and frequency, T,(t, f). The values of the TFR surface in the time-frequency
plane give an indication as to which spectral components are present at each point in time.
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TFRs have been applied to analyze, modify, and synthesize NS or time-varying signals. Three-dimen-
sional plots of TFR surfaces have been used as pictorial representations enabling a signal analyst to
determine which spectral components of a signal or system vary with time.3*-3¢ TFRs are divided into two
major groups: linear and quadratic (bilinear). The short-time Fourier transform (STFT), Gabor transform,
and the time-frequency version of the wavelet transform (WT) are members of linear TFR group. All
linear TFRs satisfy the superposition or linearity principle which states that if x(t) is a linear combination
of some signal components, then the TFR of x(t) is the same linear combination of the TFRs of each of
the signal components. The Wigner distribution and ambiguity function® are the most important mem-
bers of the energetic and correlative interpretations of the quadratic group, respectively. The Wigner
distribution (Equation 4.46) and ambiguity function (Equation 4.47) are given, respectively, as

() = J’XB + %y* q- %e’jz"“dr = J'XB + ‘-’ZEY*%- ‘-’dejz“‘“dv (4.46)

(TV) =[x+ gy g3t = [XH+ 55X -5 v (4.47)
t v

The Wigner distribution and ambiguity function are dual in the sense that they are a Fourier
transform pair:

A (T,V) = ‘UWX'y(t, f)e 72 gt (4.48)
t

For random signals the expectation of Equation 4.48 is considered. In this case, the Wigner distribution
is called an evolutive spectrum. For the energetic TFR, we seek to combine information from the instan-
taneous power p,(t) = |x(t)|? and the spectral energy density P,(f) = |X(f)|? while in the correlative TFR
representation we seek to combine information frop1 the temporal correlation r,(t) = tx(t +T)x (t)dt
and the spectral correlation R (v) = p[fX(f +v)X (f)df. Two prominent examples of the energetic form
are the spectrogram and the scalogram, defined as the squared magnitudes of the STFT and WT,
respectively. Two fundamental classes of energetic TFRs are the classical Cohen class and the affine class.3
The Cohen class includes all time-frequency, shift-invariant, quadratic TFRs in which the shift of signal
in time and/or frequency results in the shift in TFR by the same time delay and /or modulation frequency.
Every member of the Cohen class, Tx, is interpreted as a two-dimensional filtered Wigner distribution
(an evolutive power spectrum for a random signal),* i.e.,

T, O Cohenclass = T,(t,f) = ”4»' (t=t', f=f )W, (1, f")dt’ df’ (4.49)

where W, (t, f) is the Wigner distribution of x(t). Each member of Cohen’s class is associated with a
unique, signal-independent, kernel function W+(t, f).

The affine class includes all energetic, quadratic TFRs which preserve time scaling and time shift. Any
TFR which is an element of the affine class can be derived from the Wigner transform by means of an
affine transformation,® i.e.,

T, O Affine class = T,(t,f) = H( -1, %Wx(t',f')dt'df’ (4.50)

where x;(a, B) is a two-dimensional kernel function. The scalogram is the most famous member of
this group.
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4.4.2 Formulation

Let us now derive a time- frequencx based MF processor. We multiply both sides of the Fourier transform

of Equation 4.31 by y, (n;T)e or y,(n:T)e"™™™" for the self-CR case and by yy(n,T)e" ™",
k=1,...,N, k#p,q for the cross-CR case, and then apply the expectation operator to produce
. * J2T[n1ITITF i * j2mn,mTF
Hp(MFa)E(Yo(MP)y,(niT)e =) = Hy(mFa)E(Y,(mF)y,(n;T)e )
Rqu‘yp(mF, n.T) RDy (mF.n;T) (4.51)
p,g = 1,2 ...,N;p#q
* j2mnymTF * j2rn,mTF
Hp(mFa)E(Yo(mP)yi(niT)e =) = Hy(mFia)E(Y,(mF)y(n;T)e )
RDy, y,(MF:naT) RD, , (MF.n,T) (4.52)

p.g.k = 1,2 ...,Nk#p,q

where RD, - is the self-Rihaczek distribution of y, and RD,, , is the cross-Rihaczek distribution of y, and
Y245 ThIS ‘distribution is a bilinear time- -frequency dlstrlbutlon and a member of the Cohen class.3* The
self-Rihaczek and cross-Rihaczek distributions have the following relationship with the ambiguity function:3*

RD,(t,f) = J‘J’[eivaX(T,v)] &2 =My
TV

, , (4.53)
RDx’y(t, f) — J.J’[emwa,y(T: V)] eJZn(tv—fr)dev

where A(t, v) is the ambiguity function of x(t), and A, (T, v) is the cross-ambiguity function of x(t)
and y(t).

The relationship between the ambiguity function and the evolutive spectrum is given in Equation 4.48.
The Rihaczek distribution exhibits the following properties of bilinear time-frequency representation:

1. Time shift: RDg(t,f) = RD,(t—t,, f) for X(t) = x(t—t;).

3. Frequency shift: RDx(t, f) = RD,(t, f—f,) for X(t) = x(t)e" "

4. Time marginal: J’fRDX(t,f)df = [x(t)|>.

5. Frequency marginaI:J’tRDX(t, fydt = |X(f)?.

6. Time moments: IJ’I”RD (t, f)dtdf = J't”\x(t)\zdt.

7. Frequency moments: J’If RD,(t, f)dtdf = If IX(f)|df .

8. Time-frequency scaling: RDx(t,f) = RD %t—m for X(t) = J]alx(at).

9. Finite time support: RD,(t, f) = 0 for t outside [t,, t,] if x(t) = 0 outside [t,, t,].

10. Finite frequency support: RD,(t, f) = 0 for f outside [f,, f,] if X(f) = 0 outside [f,, f,].
11. Moyal's formula (unitarity): (RD,, ,,(t,f), RDy,,,(t.f)) = (X5, X2) (Y1, Vo) .

12. Convolution: RDx(t, f) = J'tRDh(t—t’,f)RDX(t',f)dt’ for X(t) = J’th(t—t’)x(t')dt'.
13. Multiplication: RDg(t,f) = J’fRDh(t,f—f')RDX(t,f’)df' for X(t) = h(t)x(t).

Equations 4.51 and 4.52 can be rewritten in the following matrix forms to solve for all channel
responses simultaneously:

RDy, self—CR(nl)H = 0, RDy cross»CR(nl)H = 0 (454)
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where
H=[HIHL ..., HY H = [H(0), Hi(F), ... H((M=1)F)]",i = 1,2 ...,N

RDI 2N, ..., RDg,q;p;:q(nl)y ey RDL,N—l(nl)
-— e

N(N -1)
- blocks

R Dy, self-CR(nl) =

RDI 23(N1), oon, RD;,q,k;k¢p,q(n1)u ---yRDL,N-l,N-z(nl)

RDy cross-cr(N1) = | e i
NIN=DN=2)160ks
3

1xNM _
RD, apsq(Ny) = 0 RD,,(n) O —RD, (n,) 0
— —_— - —
1x(p—-1)M 1xM 1x(g-p-1)M 1xM
1xNM _
RDy, g kk#p,q(N1) = 0 Rqu,yk(nl) 0 _RDyp, yk(nl) 0
— —_— - —_—
1x(p-1)M 1xM 1x(q-p-1)M 1xM

RD,, , (n1) = [RD, , (0,n,T)...RD, , ((M=1)F,n,T)]
RD, (n,) = [RD, (0,n,T)...RD, (M—1)F,n,T)]

The identifiability condition requires that the null space dimension of matrices RD, i.cr and RDy o5 cr
should be unity and that the vector H be non-zero, i.e.,H;,i =1, 2, ..., N should not be zero for all frequencies.
To give more explicit expressions and provide more insights into the characteristics of the channels and the
source signal (for input signals with time-frequency signature), the following conditions are given:

1. For the frequency band f, I =1, 2, ..., M, the transfer functions H;,i =1, 2, ..., N should not be zero.

2. In order to have the null space dimension of RD, g OF RD, ..s.cr €qual to unity, assuming the
condition in Item 1 is satisfied, the Rihaczek distribution of the source RD,(n,, f),i=1,2, ..., L
should be non-zero for all time indices n,. This implies that the source signal should be sufficiently
complex in the time-frequency sense.

As shown above, the cross-CR estimator only has signal cross-correlation components, so in the presence
of spatially white noises, this estimator performs better than the self-CR estimator which retains noise
autocorrelations.

For channels corrupted by noise, the following least square estimators are proposed:

Pioa = 3 IRDysrca(nHI™ PRea™ = 3 IR cros.ca(n)H| ™ (4.55)
ny Ny

At solution, each term in Po " approaches infinity, while each term in Pxp ¢~ is large but bounded.

4.5 Higher Order Matched Field Processors

4.5.1 Background Theory

Higher order statistics have shown wide applicability in many diverse fields such as sonar, radar, and
seismic signal processing; data analysis; and system identification.’83°40 Specific higher order statistics
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known as cumulants and their associated Fourier transforms known as polyspectra reveal not only
amplitude information, but also phase information. This is an important distinction from the well-known
second order statistics such as autocorrelation which are phase blind.

Cumulants, on the other hand, are blind to any kind of Gaussian process; that is, they automatically
null the effects of colored Gaussian measurement noise, whereas correlation-based methods do not. By
considering the process distribution we can choose the appropriate cumulant to reach our goals. For
example, if a random process is symmetrically distributed as are Laplace, uniform, Gaussian, and Ber-
noulli-Gaussian distributions, then its third order cumulant equals zero. Thus, in order to obtain non-
zero information about such a process, we should use at least a fourth order cumulant. For non-symmetric
distributions such as exponential, Rayleigh, and k-distributions, the third order cumulant is not zero. In
underwater acoustics, ship noise has a complex distribution with non-zero statistics higher than second
order, so an MF processor based on higher order statistics will yield more information.

Higher order statistics are applicable when we are dealing with non-Gaussian processes. Many real-
world applications are truly non-Gaussian. The greatest drawbacks to the use of higher order statistics
are that they require longer data records and much more computation than do correlation based methods.
Longer data lengths are needed in order to reduce the variance associated with estimating the higher
order statistics from real data using sample averaging techniques.

Let v = [vq, Vy ..., VT and X = [Xq, X, ..., X JT, where x denotes a collection of random variables.
The ki order cumulant of these random variables is defined as the coefficient of (v,, v,, ..., v) in the
Taylor series expansion of the cumulant-generating function,® i.e.,

K(v) = In E(el*) (4.56)

The k™ order cumulant is defined in terms of its joint moments of orders up to k and vise versa. The
moment-to-cumulant formula is

q
Gy = Y (D" Ha-D]maly) (457)
Ug_qlp =1 p=1

where Uj_,1, = | denotes summation over all partitions of set 1.3 Set | contains the indices of the
components of vector x. The partition of the set | is the unordered collection of non-intersecting non-
empty sets I, such that ngllp = | where q is the number of partitions sets I,. m,(l,) stands for the
moment of the partition x corresponding to set I, i.e., m,(I;) = E(X;X,...X;). As examples, for zero-mean
real random variables, the second, third, and fourth order cumulants are given by

cum(Xy, X,) = E(X;X5), cum(Xy, Xp, X3) = E(X;X,X5) (4.58)
CUM(Xy, Xa, Xa, Xg) = E(X1XpX9X,) — E(X1X5) E(XgX,) — E(X;X3) E(XoX,) = E(XXg)E(X;Xs) (4.59)
The cumulant-to-moment formula is

my(l) = z Cu(1,) (4.60)

a Tl
Ug_qlp =1

The most important properties of cumulants are listed.

1. IfA,1=1,2, ..., kare constants, and x;, i = 1, 2, ..., k are random variables, then

k

O
cum(AXq, .oy AXy) = a_l)\{jcum(xl, e %) (4.61)
O
=1
2. Cumulants are symmetric in their arguments.
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3. Cumulants are additive in their arguments, i.e.,
cum(Xy + Yo, Zys ---, Z) = CUM(Xq, Zy, --., Z) + cum(yo, Zy, .-, Z,) (4.62)

4. If a is a constant, then cum(a + z, z,, ..., ) = cum(zy, ..., Z).

5. If the random variables {x}, i = 1, ..., k are independent of the random variables {y;},i =1, ...,
k, then cum(x, + vy, ..., X, + ¥ ) = cum(Xy, ..., X) +cum(y, ..., ¥). If {y}, i =1, ..., kis taken
from Gaussian (colored or white) and k = 3, then cum(y,, ..., y,). This makes the higher order
statistics more robust to additive measurement noise than correlation, even if the noise is colored.

6. If asubset of the k random variables {x;},i=1, ...,k is independent of the rest, then cum(x,, ..., x,) =0.

7. Cumulants of an independent, identically distributed random sequences are delta functions.

In many practical applications, we are given data and want to calculate cumulants from the data.
Cumulants involve expectations, and, as in the case of correlation, they cannot be computed in an exact
manner from real data; they must be approximated in much the same way that correlation is approxi-
mated. Cumulants are approximated by replacing expectations by sample averages.

45.2 Formulation

Now, we derive an MF processor based on higher order statistics by multiplying both sides of Equation
4.31 by asubset of Y, (F), k=1, ..., N,k #p, q, and then applying the expectation operator to this product
to produce a T order CR equation (T < N):

Hy (FIo)E(Yo(F)Ym(F)... Ymr-2(F)) = Ho(FIa)E(Y(F)Yn(F)...Ym.r-2(F))
Hp(F;a)mY(Iq) = Hq(F;G)mY(Ip)

(4.63)
p,g,m =1,2..,Npzqg, MFPorder: T,I, = {gm,m+1 ... m+T-2
p={pmm+1 .. m+T-2
If we replace moments by cumulants in Equation 4.63 we obtain
H,(F; a)D z CY(F)(Ir)D H,(F; a)D Z CY(F)(I,)] (4.64)

r= llr_l r= llr_I

Equations 4.63 and 4.64 can be written in the following matrix form to solve for all channel
responses simultaneously:

CUMH =0 (4.65)
where
H = [H],HL, ...,HW ' H; = [H,(0), Hi(F), ... H((L=1)F)] i = 1,2 ...,N
T
CUM, = CUMy,, ..., CUMqu iyt
- ~ -
%blocks
Cum;,xq,’\t,...,kpz = 0 CUMy, ¥y Y, 0 CUMy v, 0
Ix(PZL T 1x(@p-yL o TIT
Cumvp,vkl, Vi, Z Cy (). Y, 0).- 2((J)('r)-- z CYp((L—l)F),Ykl((L—l)F),...,YkT_z((L—l)F)(Ir)
U - 1|r_I Ur 1Ir—l
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The identifiability condition is that the null space dimension of matrix CUM, should be 1 and H,,
i=1, 2, ..., Nshould not be zero. To give more explicit expressions and provide more insights into the
characteristics of the channels and the source signal, the following conditions are given:

1. For all frequencies band, f,, i =1, 2, ..., M, transfer functions H;, i =1, 2, ..., N, should not be zero.
2. In order to have the null space dimension of CUM, equal to one, and assuming the condition
mentioned above is satisfied, the source T order moment should be non-zero for all frequencies.

For the case where channels are corrupted by noise, the least square estimator, referred to as the high
order CR based MF processor, is

PYLR = [CUMH|™ (4.66)
Equation 4.66 can be rewritten in the following form to give a more explicit expression of the processor:

1
. (Fa)EL Ya(F)Yu(F) Yo (F) [
LLH (F0)E(Y o (F)Ym(F) ... Yo s o(F)H

H_CR _
I:)Y;or - 2

333

- 1
S Y S Hu(Fro)my (1) = Hy(Fra)my (1) (467)
P q m
_ 1
$SS|HED) T ) -H(Fa) T Cunin)f
P m Uroql =1, Upoqle =1

where p, g, m, and r are not equal, chosen from set {1, 2, ..., N}. The MF processor’s order is T.
As an example, let us consider the third order case as follows:

H_CR 1

Pya =
TS HF@EN(F)YalFIYF) ~ HF)E(Y(F)Y ()Y, ()
T T

— 1
TTS S H(F)um(Yo(F)Yn(F)Y.(F)) — Hy(Fia)E(Yo(F)Yn(F)Y(F)
p q m r

(4.68)

In the case of a true match, we write the output signals in terms of transfer function and source signal
(as given in Equation 4.31),

PYLoR = . L (4.69)
Deum(S DY 5SS [Hp(Fio)Hy(F)HA(F)H(F)
0 p g m T
O

—Hq(F;a)H, (F)Hn(F)H,(F)|?

oonoO

For zero-mean, Gaussian random sources (white or non-white), we have cum($3(F)) = 2025 = 0. A
Gaussian source cannot be localized with a third order moment because its third cumulant is zero and
does not satisfy the second part of the identifiability condition. However, this same feature gives the third
order MF processor the ability of discriminating between Gaussian and non-Gaussian signals such as
those radiated by noise from ships.

The effect of zero-mean, spatially white, non-Gaussian interference is canceled since each output signal
does not appear more than once in the cumulants.
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Let us assume that a deviation in the true source location or environmental parameter has occurred.
The CR term (Equation 4.63) takes the form

O O
CRuq = E(S)Hun(F)... Hoa1—(F) o (Fia) Ho(F) —Hy(Fio) Hy(F) (4.70)
O U

Hpq

For parameters with low sensitivity to the pressure field, there is no considerable change in the
amplitude of the transfer function. In this case we mainly focus on the transfer functions phase. Moreover,
let us assume that the array length is small enough in comparison to the water depth, so with good
approximation we can assume that the amplitudes of the transfer functions appearing in the formulation
are the same. Equation 4.70 can be simplified to

[CRyq| = [EST(FNIHF)™ ity (4.71)
By substituting Equation 4.71 in the MF processor formulation (Equation 4.67) we have

H_CR 1
Pvo = 2 2
MMIHEPTIESTENS S
P a

4.72)

where M(L) is a constant multiplier that shows the number of CR terms in the MF processor formulation.
For an array with N sensors we have

M(T) = ENT:E

To obtain a simpler equation, let us assume that the deviation due to the mismatch is independent of
the sensors p and q:

1

PYa = N (4.73)
MMIHE)* e F)IE A’
Now, define the MF processor sensitivity function S as
S = [S 1 825 ey Sq] (4.74)
where
H_CR
s, = |%Pva =1 ..,q (4.75)
60(
The sensitivity function from Equation 4.73 becomes
ST~ 2 ou (4.76)

M(T)\H(F)\Z”'”\E(ST(F))\ZE“DW"“

To see how the MF processor sensitivity changes with order increasing from T to T + 1, we obtain
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§TH = MOIEGS'ENE o _ TEES (R S @
M(T +DHEPFEST E* HEPES™ EIFN-T-1)

The transfer function norms represent the transmission loss from the source to the vertical array sensors

that are relatively small because of the high ocean attenuation. This fact potentially causes the sensitivity

function to have a large value for higher order MF processors; however, in order to calculate the sensitivity

function we need to know the relative value of moments, i.e., (M(T))/(M(T + 1))

4.6 Simulation and Experimental Examples

This section presents an evaluation of CR MF processors for source localization and compares their
performance with that for other MF processors. The evaluation is based on examples from underwater
acoustics, using both simulation and experimental data. Environmental parameters of the waveguide are
assumed known in the simulation, and for the real data we rely on values obtained from seismic ground
truth data in the region of experiment. The simulation results are given in Section 4.6.1 for a random
broadband source. The performance of the two different kinds of CR MF processors (self and cross) are
compared with that for the Bartlett and MV processors.

In Section 4.6.2, source localization results using radiated ship noise are shown from an experiment
in shallow water off the West Coast of Vancouver Island in the Northeast Pacific Ocean. The ship noise
data were obtained using a 16-element vertical line array with a 15-m hydrophone spacing that was
deployed in a 400-m ocean waveguide.

We refer readers to Reference 41 for simulation and experimental results for time-frequency and higher
order MF processor.

4.6.1 Simulation Results

The performance of the Bartlett family processors and the CR processors is compared using an example
from underwater acoustics: localization of a source radiating a broadband random signal. The example
simulates a typical shallow water environment in which a noise source with an SNR value of -20 dB
is operating at an unknown range and depth. The true source depth and range are 106 m and 3.6 km
in a 400-m ocean waveguide. Ambiguity surfaces are calculated over a grid that spans the range from
50 m to 10 km with a resolution of 110 m, and the depth from 1 to 400 m with a resolution of 20 m.
The localization results are compared for the Bartlett, MV, self-CR, and cross-CR in Figures 4.4 to 4.7.
The replica or modeled fields used in experiments are calculated using Westwood et al.’s normal mode
model, ORCA.A

Figures 4.4 to 4.7 demonstrate that all estimators have detected the true source location. The
cross-CR gives superior performance with respect to resolution and sidelobe levels since it has only
cross-spectrum components in its structure and the measurement white noise is canceled. The
Bartlett and MV estimators show nearly the same performance as each other. This fact was discussed
and proved in Reference 9, where the received random signals are contaminated by white measure-
ment noise. In this example the MV-MF processor performance is degraded sharply, compared to
that for the noise-free condition, and approaches the Bartlett performance. Self-CR gives a perfor-
mance close to that of the Bartlett because of the effect of white noise that contaminates the self-
spectrum elements.

Cross-sections of the ambiguity surface in range where the depth is 106 m and in depth where the
range is 3.6 km are shown in Figures 4.8 and 4.9, respectively. Lower sidelobe levels and sharper
mainlobes around the source location are obtained for the cross-CR MF processor in comparison to
that for other processors.
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FIGURE 4.4 Ambiguity surface for Bartlett processor (SNR = -20 dB).
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FIGURE 4.5 Ambiguity surface for MV processor, version one (SNR = -20 dB).
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FIGURE 4.6 Ambiguity surface for self-CR processor (SNR = -20 dB).
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FIGURE 4.7 Ambiguity surface for cross-CR processor (SNR = -20 dB).
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FIGURE 4.8 Performance of the different MF processors in range for a depth of 106 m.
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FIGURE 4.9 Performance of the different MF processors in depth for a range of 3.6 km.
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4.6.2 Experimental Results

In this section, experimental data representing radiated ship noise in the band 73 to 133 Hz are used to
demonstrate source localization performance. The true ship position was at a range of 3.3 km from the
vertical array. The data were obtained in a portion of the experimental track where the properties of the
waveguide were not varying with range. The ambiguity surface of the Bartlett and the two CR-MF
processors are given in Figures 4.10 to 4.12. The grid search spans ranges from 50 m to 10 km, with
resolution around 110 m, and depths from 1 to 400 m, with a resolution of 10 m. Along with the recorded
ship noise, there are two tonal signals at 45 and 70 Hz generated by a sound source towed behind the
ship. We show an expanded portion of the ambiguity surface around the source position in Figures 4.13
to 4.15.

The cross-CR processor has clearly localized both the ship and the towed source. The appearance of
the continuous wave (CW) source in the ambiguity surface is due to incomplete cancelation of the
harmonics of the towed source. The Bartlett processor has localized the source, but with poor resolution.
The main peak includes both the towed source and ship noise. The CR based MF processors give
considerable improvement in sidelobe level reduction and sharpness of the mainlobe width in comparison
with the Bartlett MF processor. The self-CR processor shows both CW and ship locations, but with a
weak value at the ship location. The cross-CR processor shows both ship and CW source locations with
strong ambiguity values. The ship is localized at a range of 3.35 km, very close to the true value measured
by GPS. The ship depth is estimated around 10 m, while we expect it to be close to the ocean surface.
The error can be due to the poor depth resolution of the ambiguity surface and possible mismatches in
the model of the ocean waveguide.

Mon-coherent Bartlett
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FIGURE 4.10 Ambiguity surface for Bartlett processor (73-133 Hz).
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FIGURE 4.11 Ambiguity surface for self-CR processor (73-133 Hz).
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FIGURE 4.12 Ambiguity surface for cross-CR processor (73-133 Hz).
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FIGURE 4.13 Ambiguity surface for Bartlett processor (73-133 Hz).
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FIGURE 4.14 Ambiguity surface for self-CR processor (73-133 Hz).
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FIGURE 4.15 Ambiguity surface for cross-CR processor (73-133 Hz).
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Abstract

Signal processing can simply be defined as a technique or set of techniques to extract the useful infor-
mation from noisy measurement data while rejecting the extraneous. These techniques can range from
simple, non-physical representations of the measurement data such as the Fourier or wavelet transforms
to parametric black-box models used for data prediction to lumped mathematical physical representations
usually characterized by ordinary differential equations to full physical partial differential equation
models capturing the critical details of wave propagation in a complex medium. The determination of
which approach is the most appropriate is usually based on how severely contaminated the measurements
are with noise and underlying uncertainties. If the signal-to-noise (SNR) of the measurements is high,
then simple non-physical techniques can be used to extract the desired information. However, if the SNR
is extremely low and/or the propagation medium is uncertain, then more of the underlying propagation
physics must be incorporated somehow into the processor to extract the information. Model-based signal
processing is an approach that incorporates propagation, measurement, and noise/uncertainty models
into the processor to extract the required signal information while rejecting the extraneous data even in
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highly uncertain environments — like the ocean. This chapter outlines the motivation and development
of model-based processors (MBP) for ocean acoustic applications. We discuss the generic development
of MBP schemes and then concentrate specifically on those designed for application in the hostile ocean
environment. Once the MBP is characterized, we then discuss a set of ocean acoustic applications
demonstrating this approach.

5.1 Introduction

The detection and localization of an acoustic source has long been the motivation of early sonar systems.
With the advent of quieter and quieter submarines due to new manufacturing technologies and the recent
proliferation of small non-nuclear powered vessels, the need for more sophisticated processing techniques
has been apparent for quite some time. It has often been contemplated that the incorporation of ocean
acoustic propagation models into signal processing schemes can offer more useful information necessary
to improve overall processor performance and to achieve the desired enhancement/detection/localization
even under the most hostile of conditions. Model-based techniques offer high expectations of perfor-
mance, since a processor based on the predicted physical phenomenology that inherently has generated
the measured signal must produce a better (minimum error variance) estimate then one that does not.12
The uncertainty of the ocean medium also motivates the use of stochastic models to capture the random
and often non-stationary nature of the phenomena ranging from ambient noise and scattering to distant
shipping noise. Therefore, processors that do not take these effects into account are susceptible to large
estimation errors. This uncertainty was discussed by Tolstoy? in the work of Carey and Moseley* when
investigating space-time processing and in the overview by Sullivan and Middleton® and Baggeroer et al.
Therefore, if the model embedded in this process is inaccurate or for that matter incorrect, then the
model-based processor (MBP) can actually perform worse. Hence, it is necessary, as part of the MBP
design procedure, to estimate/update the model parameters either through separate experiments or jointly
(adaptively) while performing the required processing.” Note that the introduction of a recursive, on-
line MBP can offer a dramatic detection improvement in a tactical passive or active sonar-type system,
especially when a rapid environmental assessment is required.®

Incorporating a propagation model into a signal processing scheme was most probably initiated by
the work of Hinich,® who applied it to the problem of source depth estimation. However, as early as
1966, Clay'® suggested matching the modal functions of an acoustic waveguide to estimate source depth.
The concept of matched-field processing (MFP), which compares the measured pressure field to that
predicted by a propagation model to estimate source range and depth, was introduced by Bucker!! in
1976. In MFP, the localization problem is solved by exhaustively computing model predictions of the
field at the array for various assumed source positions. The final position estimate is the one achieving
maximum correlation with the measured field at the array. Many papers have been written exploiting
and improving on the MFP and are best summarized in the text of Tolstoy,® the special issues of
Doolittle!? and Stergiopoulos and Ashley,*® as well as the recent text by Diachok et al.* Other approaches
to solve the localization problem have also evolved, with the most noteworthy being the simulated
annealing approach of Kuperman et al.,*> the maximum a posteriori estimator of Richardson and Nolfe,®
and the empirical eigenfunctions of Krolik.1” All of these works contain most of the references therein
to the effort performed in MFP over the past 25 years. However, matched field is mainly aimed at the
localization problem; indeed most estimators implemented by MFP are focused on seeking an estimation
of localization parameters.

In ocean acoustics, there are many problems of interest other than localization that are governed by
propagation models of varying degrees of sophistication. Here, we are interested primarily in a shallow
water environment characterized by a normal-mode model, and, therefore, our development will even-
tually lead to adaptively adjusting parameters of the propagation model to “fit” the ever-changing ocean
environment encompassing our sensor array. In fact, one way to think about this processor is that it
passively listens to the ocean environment and “learns” or adapts to its changes. It is clear that the resulting
processor will be much more sensitive to changes than one that is not, thereby providing current
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information and processing. Once recent paper utilizes such a processor as the heart of its model-based
localization scheme.®

With this background in mind, we investigate the development of an “MBP,” that is, a processor
that incorporates a mathematical representation of the ocean acoustic propagation and can be used
to perform various signal processing functions ranging from simple filtering or signal enhancement
to adaptively adjusting model parameters to localization to tracking to sound speed estimation or
inversion. In all of these applications, the heart of the processing lies in the development of the MBP
and its variants. Clearly, each of the MFP methods described above can be classified as model based,
for instance, the MFP incorporates a fixed (parametrically) propagation model. However, in this
chapter, we will investigate the state-space forward propagation scheme of Candy and Sullivan’ and
apply it to various ocean acoustic signal processing problems. We choose to differentiate between the
terms model-based processing and matched-field processing, primarily to emphasize the fact that this
work is based on the existing state-space framework that enables access to all of the statistical properties
inherited through this formalism, such as the predicted conditional means and covariances.*? This
approach also enables us access to the residual or innovation sequence associated with MBPs (Kalman
filter estimator/identifiers), permitting us to monitor the performance of the embedded models in
representing the phenomenology (ocean acoustics, noise, etc.) as well as the on-line potential of refining
these models adaptively using the innovations.”® The state-space formalism can be considered as a
general framework that already contains the signal processing algorithms, and it is the task of the
modeler to master the art of embedding his models of interest. Thus, in this sense, the modeler is not
practicing signal processing per se, but actually dealing with the problem of representing his models
within the state-space framework. Furthermore, this framework is not limited to localization, but
because of its flexibility, tomographic reconstructions can be performed to directly attack the mismatch
problem that plagues MFP.31219-21 This can be accomplished by constructing an “adaptive” MBP that
allows continuous updating of the model parameters and is easily implemented by augmenting them
into the current state vector. That is, unlike the conventional view of the inverse problem, where the
functional relationship between the measurements and the parameters of interest must be invertible,
here we simply treat these parameters as quantities to be estimated by augmenting them into the state
vector, creating an adaptive joint estimation problem. In MFP, most of the techniques employed to
“correct” this mismatch problem usually achieve their result by a desensitization of the algorithm
(multiple constraint minimum variance distortionless response [MVDR]Y") or by multiple parameter
estimation (e.g., simulated annealing®®). Simulated annealing is a sub-optimal multiple parameter
estimator capable of estimating bottom parameters, but it has difficulty in dealing with functions such
as the modal functions, since it would require them to be parameterized in some arbitrary manner.
An adaptive MBP does not sacrifice any potential information available in the model, but actually can
refine it, as will be seen by adaptively, i.e., recursively, updating parameters. This, of course, enlarges
the dimension of the state space. In this way, the original states and the augmented states are updated
by the recursive processor in a self-consistent manner. The fact that the relationship between the
original states and the parameters of interest may be complicated and/or non-linear is not an issue
here, since only the “forward” problem is explicitly used in each recursion via the measurement
relations. Thus, the usual complications of the inverse problem are avoided at the expense of creating
a higher dimensional state space. All that is necessary is that the parameters of interest be observable
or identifiable in the system theoretic sense.82223

Much of the formalism for this model-based signal processing has been worked out.”822-25 Model-
based processing is concerned with the incorporation of environmental (propagation, seabed, sound
speed, etc.), measurement (sensor arrays), and noise (ambient, shipping, surface, etc.) models long
with measured data into a sophisticated processing algorithm capable of detecting, filtering (enhanc-
ing), and localizing an acoustic source (target) in the complex ocean environment. This technique
offers a well-founded statistical approach for comparing propagation/noise models to measured data
and is not constrained to a stationary environment which is essential in the hostile ocean. Not only
does the processor offer a means of estimating various quantities of high interest (modes, pressure
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field, sound speed, etc.), but it also provides a methodology to statistically evaluate its performance
on-line, which is especially useful for model validation experiments.??* Although model-based tech-
niques have been around for quite a while,}? they have just recently found their way into ocean
acoustics. Some of the major advantages of MBPs are that they (1) are recursive; (2) are statistical,
incorporating both noise and parameter uncertainties; (3) are not constrained to only stationary
statistics; (4) are capable of being extended to incorporate both linear/non-linear space-time varying
models; (5) are capable of on-line processing of the measured data at each recursion; (6) are capable
of filtering the pressure field as well as simultaneously estimating the modal functions and/or sound
speed (inversion/tomography); (7) are capable of monitoring their own performance by testing the
residual between the measurement and its prediction; and (8) are easily extended to perform adaptively.
However, a drawback (in some cases) is the increased computational load. This feature will not be
much of a problem with the constant improvement in the speed of modern computer systems and the
reduced computations required in a low frequency, shallow water environment.

Let us examine the inherent structure of the MBP. Model-based processing is a direct approach
that uses in situ measurements. More specifically, the acoustic measurements are combined with a
set of preliminary sound speed and other model parameters usually obtained from a priori informa-
tion or a sophisticated simualtor?-? that solves the underlying boundary value problem to extract
the initial parameters/states in order to construct the forward propagator and initialize the algorithm.
The algorithm then uses the incoming data to adaptively update the parameter set jointly with the
acoustic signal processing task (detection, enhancement, and localization). In principle, any propa-
gation model can be included in this method;?® however, in this chapter, our designs are all based
on the normal-mode model of propagation. We define the MBP as a Kalman filter whose estimated
states are the modal functions @ (z,) and states representing the models of the ocean estimated acoustic
parameters 6 (z,) that have been augmented into the processor. The basic processor is shown in Figure
5.1. The inputs to the MBP can be either raw data [{p(z,)}, {c(z,)}] or a combination of raw data and
outputs 6(z,) of a “modal solver” (such as SNAP,%6 the SACLANT normal-mode propagation model).
There are basically three advantages to this type of processor. First, it is recursive and, therefore, can
continuously update the estimates of the sonar and environmental parameters. Second, it can include
the system and measurement noise in a self-consistent manner. By noise, it is meant not only acoustic
noise, but also errors in the input parameters of the model. Third, one of the outputs of the MBP is
the so-called “innovation sequence,” €(z,), which provides an on-line test of the “goodness of fit” of
the model to the data. This innovation sequence plays a major role in the recursive nature of this
processor by providing information that can be used to adaptively correct the processor and the
propagation model itself, as well as the input to a sequential detector.®® Along with the ability of this
processing scheme to self-consistently estimate parameters of interest along with the signal processing
task, stand-alone estimators can also be used to provide refined inputs to the model. For example,
by using data from a towed array, the horizontal wave numbers can be directly estimated as a spatial
spectral analysis problem.3! Further, these estimates can be refined by use of new towed array
processing schemes.32-36

BASIC PROCESSOR

INPUT OUTPUT
Pressure Field (3 2.6)

2 0 Est. Mod

Pz ) Model-Based st. Moaes

c(z) Sound Velocity > Processor ] > P (z,6) Est. Pressure Field

MBP >
6(z/) (VBP) 0(z,6) Est. Parameters
! Model Parameters 0 (2,

> £(z,6) Innovations

FIGURE 5.1 Model-based ocean acoustic processor: the basic processor.
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In ocean acoustics, we are also concerned with an environmental model of the ocean and how it
effects the propagation of sound through this noisy, complex environment. The problem of estimating
the environmental parameters characterizing the ocean medium is called the ocean tomography or,
equivalently, the environmental inversion problem and has long been a concern because of its detrimental
effect on various detection/localization schemes.31%-2137 Much of the work accomplished on this problem
has lacked quantitative measures of the mismatch of the model with its environment. In a related work,?*
it was shown how to quantify “modeling errors” both with and without a known ocean environmental
model available. In the first case, standard errors were calculated for modal/pressure-field estimates, as
well as an overall measure of fit based on the innovations or residuals between the measured and
predicted pressure field. In the second case, only the residuals were used. These results quantify the
mismatch between the embedded models and the actual measurements both on simulated as well as
experimental data.

It has already been shown that the state-space representation can be utilized for signal enhancement
to spatially propagate both modal and range functions as discussed in Candy and Sullivan.” Specifically,
using the normal-mode model of the acoustic field and a known source location, the modal functions
and the pressure field can be estimated from noisy array measurements. In the stochastic case, a Gauss-
Markov model evolves, allowing the inclusion of stochastic phenomena such as noise and modeling errors
in a consistent manner. The Gauss-Markov representation includes the second-order statistics of the
measurement noise and the modal uncertainty. In our case, the measurement noise can be “lumped” to
represent the near-field acoustic noise field, flow noise on the hydrophones, and electronic noise, whereas
the modal/range uncertainty can also be lumped to represent sound speed profile (SSP) errors, noise
from distant shipping, errors in the boundary conditions, sea state effects, and ocean inhomogeneities.
It should also be noted that adaptive forms of the MBP are also available to provide a realizable solution
to the so-called mismatch problem, where the model and it underlying parameters do not faithfully
represent the measured pressure-field data.®3" References 8 and 22 address the mismatch problem and
its corresponding solution using MBPs.

Clearly, it is not possible to discuss all of the details of MBP designs for various ocean acoustic
applications. In this chapter, we first develop the “concept” of model-based signal processing in Section
5.2 and compare it to conventional beamforming. We show, simply, how this approach can be extended
even further to solve an important towed array problem. We discuss the basic approach to “minimum-
variance” design, which is the basis of MBP design and performance analysis. With the MBP background
complete, we briefly discuss the shallow water ocean environment, normal-mode modeling, and the
evolution of state-space forward propagators in Section 5.3. The development of MBP schemes to solve
various applications are surveyed in Section 5.4. Conclusions and summaries are in Section 5.5. Keep in
mind that the primary purpose of this chapter is to introduce the concept of model-based signal
processing, develop a basic understanding of processor design and performance, and demonstrate its
applicability in the hostile ocean environment by presenting various solutions developed exclusively for
this application.

5.2 Model-Based Processing

5.2.1 Motivation

In this section, we discuss the basics of the model-based approach to signal processing. Formally, the
model-based approach is simply “incorporating mathematical models of both physical phenomenology
and the measurement process (including noise) into the processor to extract the desired information.”
This approach provides a mechanism to incorporate knowledge of the underlying physics or dynamics
in the form of mathematical propagation models along with measurement system models and accom-
panying uncertainties such as instrumentation noise or ambient noise as well as model uncertainties
directly into the resulting processor. In this way, the MBP enables the interpretation of results directly
in terms of the physics. The MBP is really a modeler’s tool, enabling the incorporation of any a priori
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FIGURE 5.2  Fidelity of the embedded model determines the complexity of the resulting MBP required to achieve
the desired SNR: simple implied model (Fourier, wavelet, etc.), black-box model (data prediction model), gray-box
model (implied physical model), lumped physical model (differential equations), full physical model (partial differ-
ential equations).

information about the problem to extract the desired information. The fidelity of the model incorporated
into the processor determines the complexity of the MBP. These models can range from simple, implied
non-physical representations of the measurement data, such as the Fourier or wavelet transforms, to
parametric black-box models used for data prediction to lumped mathematical physical representations
usually characterized by ordinary differential equations to full physical partial differential equation
models capturing the critical details of wave propagation in a complex medium. The dominating factor
of which model is the most appropriate is usually determined by how severely contaminated the mea-
surements are with noise and underlying uncertainties. If the signal-to-noise ratio (SNR) of the mea-
surements is high, then simple non-physical techniques can be used to extract the desired information.
This approach of selecting the appropriate model is depicted in Figure 5.2, where we note that as we
progress up the “modeling” steps to increase the SNR, the complexity of the model increases to achieve
the desired results.

For our problem in ocean acoustics, the model-based approach is shown in Figure 5.3. The under-
lying physics are represented by an acoustic propagation model depicting how the sound propagates
from a source or target to the sensor measurement array of hydrophones. Noise in the form of
background or ambient noise, shipping noise, uncertainty in the model parameters, etc. is shown in
the figure as input to both the propagation and measurement system models. Besides the model
parameters and initial conditions, the raw measurement data is input to the model with the output
being the filtered or enhanced signal.

Before we develop the MBP for ocean acoustic applications, let us motivate the approach with a simple
example taken from ocean acoustics. Suppose we have a plane wave signal characterized by

i) sinBy —iwjt

s (t) = ae (5.1)
where s,(t) is the space-time signal measured by the k" sensor, and a is the plane wave amplitude factor
with 3, 6, w, as the respective wavenumber, bearing, and temporal frequency parameters. Let us further
assume that the signal is measured by a horizontal array. A simple, but important example in ocean
acoustics is that of a 50 Hz plane wave source (target) at a bearing of 45° impinging on a 2-element array
at a 10 dB SNR. We would we like to solve two basic ocean acoustic processing problems: (1) signal

©2001 CRC Press LLC



Noise
(}0

Raw Data {:}%

I

|

MBP A I

Ocean — |
Model ! }
Noise !

Model

\

"=l Measurement | g——ou
Model

N T J
A

Estimate

FIGURE 5.3 Model-based approach: structure of the MBP showing the incorporation of propagation (ocean),
measurement (sensor array), and noise (ambient) models.

enhancement, and (2) extraction of the source bearing, 6,, and temporal frequency, w,, parameters. The
basic problem geometry and synthesized measurements are shown in Figure 5.4.

The signal enhancement problem can be solved classically by constructing a 50 Hz bandpass filter with
a narrow 1 Hz bandwidth and filtering each channel, while the model-based approach would be to define
the various models as described in Figure 5.3 and incorporate them into the processor structure. For the
plane wave enhancement problem, we have the following models:

l Plane Wave Model

=
N
[ Bearing |

69—

[ Horizontal Array

(b)

T
v -

Time Sensor Array [Horizontal Axis]

FIGURE 5.4 Plane wave propagation: (a) problem geometry; (b) synthesized 50 Hz, 45°, plane wave impinging on
a 2-element sensor array at 10 dB SNR.
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FIGURE 5.5 Plane wave signal enhancement problem: (a) classical bandpass filter (50 Hz to 1 Hz BW) approach,
(b) MBP using 50 Hz, 45°, plane wave model impinging on a 2-element sensor array.

Signal model:

iBy sinB —iwyt

s(t) = ae (5.2)

Measurement/noise model:

Pe(t) = s(t) + (1) (6.3)

The results of the classical and MBP outputs are shown in Figure 5.5. In Figure 5.5a, the classical bandpass
filter design is by no means optimal, as noted by the random amplitude fluctuations created by the additive
measurement noise process discussed above. The output of the optimal MBP is, in fact, optimal for this
problem, since it is incorporating the correct propagation (plane wave), measurement (hydrophone array),
and noise (white, Gaussian) into its internal structure. We observed the optimal outputs in Figure 5.5b.

Summarizing this simple example, we see that the classical processor design is based on a priori
knowledge of the desired signal frequency (50 Hz), but cannot incorporate knowledge of the propagation
physics or noise into its design. On the other hand, the MBP uses the a priori information about the
plane wave propagation signal and sensor array measurements along with any a priori knowledge of the
noise process in the form of mathematical models embedded in its processing scheme to achieve optimal
performance. We will discuss the concept of optimal processor performance in Section 5.2.7. Note that
conceptually there are other processors that could be used to represent the classical design (e.g., autore-
gressive filters) solution to this filtering problem, here we are just attempting to tutorially motivate the
application of the MBP. The next variant to this problem is even more compelling.

Consider now the same plane wave, the same noisy hydrophone measurements, with the more realistic
objective of estimating the bearing and temporal frequency of the target. In essence, this is a problem of
estimating a set of parameters, {6,, w,}, from noisy array measurements, {p,(t)}. The classical approach
to this problem is to first take either sensor channel and perform spectral analysis on the filtered time
series to estimate the temporal frequency, w,. The bearing can be estimated independently by performing
classical beamforming® on the array data. A beamformer can be considered a spatial spectral estimator
which is scanned over bearing angle, indicating the true source location at maximum power. The results
of applying this approach to our problem are shown in Figure 5.6a, showing the outputs of both spectral
estimators peaking at the correct frequency and angle parameters.
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FIGURE 5.6 Plane wave impinging on a 2-element sensor array — Frequency and Bearing Estimation Problem:
(a) classical spectral (temporal and spatial) estimation approach; (b) model-based approach using a parametric
adaptive (non-linear) processor to estimate bearing angle, temporal frequency, and the corresponding residual or
innovations sequence.

The MBP is implemented as before by incorporating the plane wave propagation, hydrophone array,
and noise models; however, the temporal frequency and bearing angle parameters are now unknown and
must be estimated along with simultaneous enhancement of the signals. The solution to this problem is
performed by “augmenting” the unknown parameters into the MBP structure and solving the so-called
joint estimation problem.t2 This is the parameter adaptive form of the MBP used in most ocean acoustic
applications. Here, the problem becomes non-linear due to the augmentation and is more computation-
ally intensive; however, the results are appealing, as shown in Figure 5.6b. Here, we see the bearing angle
and temporal frequency estimates as a function of time eventually converging to the true values (w, =
50 Hz, 8, = 45°). The MBP also produces the “residual sequence” (shown in Figure 5.6b), which is used
in determining its overall performance. We will discuss this in Section 5.2.2.

Next, we summarize the classical and model-based solutions to the temporal frequency and bearing
angle estimation problem. The classical approach simply performs spectral analysis temporally and
spatially (beamforming) to extract the parameters from noisy data, while the model-based approach
embeds the unknown parameters into its propagation, measurement, and noise models through aug-
mentation, enabling a solution to the joint estimation problem. The MBP also enables a monitoring of
its performance by analyzing the statistics of its residual or innovations sequence. It is this sequence that
indicates the optimality of the MBP outputs. This completes the simple example, next, we provide a brief
overview of model-based signal processing which will eventually lead us to solutions of various ocean
acoustic problems.

5.2.2 Overview

Model-based signal processing algorithms are based on a well-defined procedure. First, the relevant
phenomenology, which can be described by a deterministic model, is placed in the form of a Gauss-
Markov model which, among other things, allows modeling and measurement uncertainties to be rep-
resented by stochastic components. This allows the states, or in the shallow water ocean case, the modal
functions, and the associated horizontal wave numbers of the normal-mode model to be estimated by a
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recursive MBP. Note that since the model is Gauss-Markov, the resulting optimal MBP is the well-known
Kalman filter.22 Usually, in ocean acoustics, we are not only interested in the estimates of the states, but
also in estimates of model parameters. These are found by augmenting them into the Gauss-Markov
model, that is, the parameter vector is augmented into the state vector, thereby enlarging the overall
dimension of the system. This process, the inclusion of the model parameters as states, is commonly
referred to as parameter adaptive estimation or identification. Finally, since the states depend upon the
parameters in a non-linear manner, it is necessary to replace the standard linear Kalman filter algorithm
with the so-called extended Kalman filter (EKF).22 It is the intent of Sections 5.2.3 to 5.2.7 to provide a
(somewhat abbreviated) description of this procedure as a preparation for the applications in Section
5.4 in which we will apply the model-based approach to various problems of the parameter adaptive
processing in the hostile ocean environment.

5.2.3 Gauss-Markov Model

The first step is to place the “dynamic” model into state-space form. The main advantage is that it
decomposes higher order differential equations to a set of first-order equations. As will be seen, this
enables the dynamics to be represented in the form of a first-order Markov process. Generically, we will
be considering a “spatial” processor. The model, which is driven by its initial conditions, is placed in
state-space form as

c%x(z) = A@)X(X) (5.4)

where z is the spatial variable. This model leads to the following Gauss-Markov representation of the
model when additive white, Gaussian noise or uncertainty is assumed:

Lx(2) = A@X@) +w,(2) (55)

where w,(z) is additive, zero-mean, white, Gaussian noise with corresponding covariance matrix, R, ,, -
The system or process matrix is defined by A(z). Also, the corresponding measurement model can be
written as

y(2) = C(2)x(2) +v(2), (5.6)

where y is the measurement, and C is the measurement matrix. The random noise terms in the model
W,(2) and v(z) are assumed to be Gaussian and zero mean with respective covariance matrices, R, ,,
and R,,. In ocean acoustics, the measurement noise, v(z), can be used to represent the lumped effects of
near-field acoustic noise field, flow noise on the hydrophone, and electronic noise. The process noise,
w,(z), can be used to represent the lumped uncertainty of sound speed errors, distant shipping noises,
errors in the boundary conditions, sea state effects, and ocean inhomogeneities that propagate through
the ocean acoustic system dynamics (normal-mode model). Having our Gauss-Markov model in hand,
we are now in a position to implement a recursive estimator in the form of a Kalman filter. Kalman
filtering theory is a study in itself, and the interested reader is referred to References 1 and 2 for more
detailed information. For our purposes, however, it will be sufficient to point out that the Kalman filter
seeks a minimum error variance estimate of the states and measurement.

5.2.4 Model-Based Processor (Kalman Filter)

Since we will be concerned with discrete sensor arrays that spatially sample the pressure field, we choose
to discretize the differential state equations using a finite (first) difference approach (central differences
can also be used for improved numerical stability), that is,
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d ) = X(2,+1) =x(z/)

7X@ 7 (6.7

where Az =z,,, —z,and z, is the location of the /™" sensor array element. Substituting Equation 5.7 into
Equation 5.5 leads to the discrete form of our Gauss-Markov model given by

X(z,.1) = [1+A0zA(z))] x(z,) + Azw,(z,) (5.8)

Once the Gauss-Markov model is established, we are in a position to define our recursive model-based
(Kalman) processor for the state vector x as

X(2/412) = AdZ)X(2/]2,) (5.9)

where A,(z,) = [I + AzA(z,)] and the “hat” signifies estimation. Note that the notation has been generalized
to reflect the recursive nature of the process. X(z,.4|z,) is the predicted estimate of the state vector x at depth
2,,, based on the data up to depth z,, and X(z,|z,) is the corrected or “filtered” value of the estimate of x at
depth z,. We now have everything in place to outline the actual recursive MBP algorithm shown in Table 5.1.

Prediction

Given the initial or trial value of the state vector, X(z,|z,), Equation 5.9 is used to provide the predicted
estimate X(z, . 4|z,). This constitutes a prediction of the state estimate at depth z, , ; based on the data
up to depth z,.

Innovation

The residual or innovation, €(z, . ,), is then computed as the difference between the new measurement,
p(z, . ,), that is, the measurement taken at z, , ;, and the predicted measurement p(z, . ,), obtained by
substituting X(z, , ,|z,) into the measurement equation. Thus,

€(Zi41) = P(2i41) =P(Zi41) = p(Z€+l)_CT(Zs)§((Z€+l‘Zﬂ) (5.10)

TABLE 5.1 Spatial Kalman Filter Algorithm (Predictor/Corrector Form)

Prediction
X(z,]2,-1) = A(Z,—)X(Z,-4]20-1) (state prediction)

P(z/|z,-1) = A(Z(71)};(2/71‘2/71)'6\'(2/—1) +W(z,_)Ruw(z,-1)W'(z,_1) (covariance prediction)

Innovation
€(z,) = y(z)=9(z/|2,-1) = y(z,) =C(z))X(z,]2,_1) (innovation)
Ree(z)) = C(z/)ﬁ(z,\Z;_l)C’(z/) +R(z)) (innovation covariance)
Gain
K(z)) = |5(Z(‘Z,,1)C'(Z¢)R;51(Z/) (Kalman gain or weight)
Correction
X(20)2,) = X(2/]2,-1) + K(z,)e(z/) (state correction)
f’(zf\z,) = [I—K(zf)C(z,)]f’(z,\zf,l) (covariance correction)

Initial Conditions

%(0/0)  P(0|0)
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Gain
Next, the Kalman gain or weight is computed. It is given by

K(z,.1) = ls(zul\zf)c(zs)R;(Zul) (5.11)

where P is the error covariance of the state estimate, and R,, is the innovation covariance.

Correction
The Kalman gain is then used in the correction equation as follows:

X(Z; 41|20 41) = X(Zs41)20) + K(Z,21)E(Z)41) (5.12)

This corrected estimate or filtered value of the state vector is then inserted into the right-hand side of
the prediction equation, thereby initiating the next recursion.

The algorithm described above is based on the linear Kalman filter. In our parameter adaptive problem,
the system is non-linear. This leads to the EKF, which we will discuss subsequently. The EKF algorithm
formally resembles the same steps as the linear algorithm outlined above and is given in detail in Tables
5.1 and 5.2, respectively.

5.2.5 Augmented Gauss-Markov Model

In order to streamline the notation somewhat, we shall denote the unknown parameters to be estimated
as 6. Referring to Equation 5.4, we see that our augmented state vector for the result in the augmented
Gauss-Markov model is given by

Lx(2) = AR 8)X(@) +W(2) (5.13)

where w(z) is an additive Gaussian noise term. The dependence of A on 6 denotes the inclusion of the
unknown model parameters in the system matrix. Modeling the unknown parameters as constants in
A(z,0) simply means that there are no “dynamics” associated with the parameter vector 0 or the
parameter is modeled as a random walk.1? Thus, the Gauss-Markov model for 8 can be written as

%e(z) = 0 +Wq(2) (5.14)

where the depth dependence of 6 is purely stochastic, modeled by wg(z). The new measurement model
corresponding to the augmentation is now non-linear, since the measurement can no longer be written
as a linear function of the state vector x(z). This means that the linear Kalman filter algorithm (see
References 1 and 2) outlined previously is no longer valid, which leads us to the non-linear EKF.

5.2.6 Extended Kalman Filter

The non-linear measurement equation is now written as

p(2) = c[x(2)] +v(2) (5.15)

where the c[+] is a non-liner vector function of x.

The EKF is based on approximating the non-linearities by a first-order Taylor’s series expansion.
This means that we will require the first derivatives of the elements of the augmented state vector and
the measurements with respect to these state vector elements. These derivatives form the so-called
Jacobian matrices.
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TABLE 5.2  Discrete Extended Kalman Filter Algorithm (Predictor/Corrector Form)

Predictor
X(z,.1|2,) = a[X(z/.1|2,)] + bu(z,)] (state prediction)
P(2041]2) = AIX(Z1|20]P (20 42| 2)ATIR(Z) 11 2)] + Rone(22) (covariance prediction)
Innovation
€(zr+1) = Y(Zre1) =9(2041|2)) = Y(2Ze41) —C[R(244]20)] (innovation)
Ree(z/41) = C[X(2,+1]2))] |5(ZH1‘Z[)CT[)A((Z,+1‘Z,)] + Ry (2/41) (innovation covariance)
Gain
K(Z:41) = P(2+12)CTIR(Z, 2|2)]Rek(Z, 1) (Kalman gain or weight)
Correction
X(Zs41|Ze41) = X(Zo41]2,) + K(Z041)€(Zs 11) (state correction)
P(z/41]2i41) = [I—K(zHl)C[)A((zHl\z,ﬂ)]Is(zul\z,)] (covariance correction)

Initial Conditions

3 =90 5 =9
(010 PO ARz =5ald] L, Sl =5

As previously mentioned, the actual algorithm for the EKF formally resembles the algorithm for the
linear Kalman filter of Table 5.1 and is shown in Table 5.2. Since the derivation of the EKF algorithm is
somewhat complicated and would detract from the main point of this Chapter, the interested reader is
directed to References 1 and 2.

5.2.7 Model-Based Processor Design Methodology

Here we discuss design methodology: the design of an MBP requires the following basic steps: (1) model
development, (2) simulation/minimum-variance design, (3) application (“tuning”) to data sets, and (4)
performance analysis.

In the modeling first step, we develop the mathematical models of the propagation dynamics, mea-
surement system (sensor array), and noise sources (assumed Gaussian). Once the state-space models
have been specified, we next search for a set of parameters/data to initialize the processor. The parame-
ters/data can come from a historical database of the region, from work performed by others in the same
or equivalent environment, from previous detailed “truth” model computer simulations, or merely from
educated guesses based on any a priori information and experience of the modeler/designer.

After gathering all of the parameters/data information and employing it in our state-space models,
we perform a Gauss-Markov simulation, the second step, where the use of additive noise sources in this
formulation enable us to “lump” the uncertainties evolving from initial conditions, x(0) ~ N(X (0), P (0));
propagation dynamics, w ~ N(0, R,,,); and measurement noise, v ~ N(0, R,,). Note that we are not
attempting to “precisely” characterize the uncertainties as such specific entities as modal noise, flow noise,
shipping noise, etc., because building a model for each would involve a separate Gauss-Markov repre-
sentation which would then eventually be augmented into the processor.t? Here, we simply admit to our
“ignorance” and lump the uncertainty into additive Gaussian noise processes controlled by their inherent
covariances. Once we have specified the parameters/data, we are now ready to perform Gauss-Markov
simulations. This procedure is sometimes referred to as “sanity” testing. We typically use the following
definitions of SNR in deciding what signal/noise levels to perform the simulations at:
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Pm,m

SNRin = SraglRou]

(5.16)
and

C(z)PnnC'(z) , _

SNRyy = =t £ = L L (5.17)

where P, . = diag[P] is the state covariance (Cov(X,,)), C(z,) is the measurement model of Equation 5.6,
and R,,, and R, are the noise covariances discussed in the previous section.

Note also that when we augment the unknown parameters into the state vector to construct our
parameter adaptive processor, we assume that they are also random (walks) with our precomputed initial
values specified (initial conditions or means) and their corresponding covariances are used to bound
their uncertainty (2o confidence bounds). In fact, if we know more about how they evolve dynamically
or we would like to constrain their values, we can place “hard” limits directly into the processor. For
instance, suppose we know that the states are constrained; therefore, we can limit the corresponding
parameter excursions practically to (8., 6., t0 avoid these erroneous states values by using an aug-
mented parameter model such as

e(Z/+1) = G(Z,,), emin < e(Z/) < emax (518)

thereby constraining any excursions to remain within this interval. Of course, the random walk model
certainly can provide “soft” constraints in the simulation, since the parameter is modeled as Gauss-
Markov, implying that 95% of the samples must lie within confidence limits controlled by (+1.96 m ).
This constitutes a soft statistical constraint of the parameter variations. However, this approach does not
guarantee that the processor will remain within this bound; therefore, hard constraints may offer a better
alternative.

Once the Gauss-Markov simulation is complete, the processor is designed to achieve a minimum-
variance estimate in the linear model case or a best mean-squared-error estimate in the non-linear model
case — this is called minimum-variance design. Since the models used in the processor are “exactly” those
used to perform the simulation and synthesize the design data, we will have as output the minimum-
variance or best mean-squared-error estimates. For the non-linear case, the estimates are deemed approx-
imate minimum variance because the EKF processor uses linearization techniques which approximate
the non-linear functions in order to obtain the required estimates. We expect the processor to perform
well using the results of the various Gauss-Markov simulations to bound its overall expected performance
on real data. We essentially use simulations at various SNRs to obtain a “feel” for learning how to tune
(adjusting noise covariances etc.) the processor using our particular model sets and parameters.

Having completed the simulations and studied the sensitivity of the processor to various parameter
values, we are ready to attack the actual data set. With real data, the processor can only perform as well
as the dynamical models being used represent the underlying phenomenology generating the data. Poor
models used in the processor can actually cause the performance to degrade substantially, and enhance-
ment may not be possible at all in contrast to the simulation step where we have assured that the model
“faithfully” represents the data. In practice, it is never possible to accurately model everything. Thus, the
goal of minimume-variance design is to achieve as close to the optimal design as possible by investigating
the consistency of the processor relative to the measured data. This is accomplished by utilizing the
theoretical properties of the processor,'? that is, the processor is deemed optimal if, and only if, the
residual/innovations sequence is zero mean and statistically white (uncorrelated). This approach to
performance analysis is much like the results in time series/regression analysis which implies that when
the model “explains” or fits the data, nothing remains and the residuals are uncorrelated.3*4° Therefore,
when applying the processor to real data, it is necessary to adjust or “tune” the model parameters (usually
the elements of the process noise covariance matrix, R,,,; see References 1 and 2 for details) until the
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innovations are zero mean/white. If it is not possible to achieve this property, then the models are deemed
inadequate and must be improved by incorporating more of the phenomenology. The important point
here is that the model-based schemes enable the modeler to assess how well the model is performing on
real data and decide where it may be improved. For instance, for the experimental data, we can statistically
test the innovations and show that they are white, but when we visually observed the sample correlation
function estimate used in the test, it is clear that there still remains some correlation in the innovations.
This leads us, as modelers, to believe that we have not captured all of the phenomenology that has
generated the data, and therefore, we must improve the model or explain why the model is inadequate.

Care must be taken when using these statistical tests as noted in References 2 and 39 to 44, because if
the models are non-linear or non-stationary, then the usual whiteness/zero-mean tests, that is, testing
that 95% of the sample (normalized) innovation correlations lie within the bounds given by

L.9¢
JN

Ree(k)

Cee(k) = 2 0) (5.19)

[egs(k) +

and testing for zero mean as

[mg(k) <1.96 /%} (5.20)

rely on quasi-stationary assumptions and sample statistics to estimate the required correlations. However,
it can be argued heuristically that when the estimator is tuned, the non-stationarities are being tracked
by the MBP even in the non-linear case, and therefore, the innovations should be covariance stationary.

When data are non-stationary, then a more reliable statistic to use is the weighted sum-squared residual
(WSSR), which is a measure of the overall global estimation performance for the MBP processor,
determining the “whiteness” of the innovations sequence.2% It essentially aggregates all of the information
available in the innovation vector and tests whiteness by requiring that the decision function lies below
the specified threshold to be deemed statistically white. If the WSSR statistic does lie beneath the calculated
threshold, then theoretically, the estimator is tuned and said to converge. That is, for sensor array
measurements, we test that the corresponding innovations sequence is zero mean/white by performing
a statistical hypothesis test against the threshold. The WSSR statistic essentially aggregates all of the
information available in the innovation vector over some finite window of N samples, that is, the WSSR
defined by p(k) is

14

ply= Y e (tRA(KEM) (=N (5.21)

k=/-N+1

> H1
P(K)< T (5.22)

where H, is the hypothesis that there is no model “mismatch” (white innovations), while H, is the
hypothesis that there is mismatch specified by non-zero-mean, non-white innovations. Under the zero-
mean assumption, the WSSR statistic is equivalent to testing that the vector innovation sequence is white.
Under H,, p(k) is distributed as x?(NL). It is possible to show?® for a large NL > 30 (L the number of
hydrophones) and a level of significance of a = 0.05, that

T = NL+1.96/NL (5.23)

and the WSSR statistic must lie below the calculated threshold, T.
Here, the window is designed to slide through the innovations data and estimate its whiteness. Even
in the worst case, where these estimators may not prove to be completely consistent, the processor (when

©2001 CRC Press LLC



tuned) predicts the non-stationary innovations covariance, R.(z,), enabling a simple (varying with ¢)
confidence interval to be constructed and used for testing. This confidence interval is

[e(z) £ 1.96 /R, (z)],/ = 1,...,L (5.24)

Thus, overall performance of the processor can be assessed by analyzing the statistical properties of
the innovations. There are other tests that can be used with real data to check the consistency of the
processor, and we refer the reader to Chapter 5, Reference 2, for more details.

5.3 State-Space Ocean Acoustic Forward Propagators

The ocean is an extremely hostile environment compared to other media. It can be characterized by
random, non-stationary, non-linear, space-time varying parameters that must be estimated to “track” its
dynamics. As shown in Figure 5.7, not only does the basic ocean propagation medium depend directly
on its changing temperature variations effecting the sound speed directly, but also on other forms of
noise and clutter that create uncertainty and contaminate any array measurements. The need for a
processor is readily apparent. However, the hostile operational environment places unusual demands on
it. For instance, the processor should be capable of (1) “learning” about its own operational environment
including clutter, (2) “detecting” a target with minimal target information, (3) “enhancing” the target
signal while removing both clutter and noise, (4) “localizing” the target position, and (5) “tracking” the
target as it moves. An MBP is capable of satisfying these requirements, but before we motivate the
processor, we must characterize the shallow ocean environment. In this section, we investigate the
development of state-space signal processing models from the corresponding ocean acoustic normal-
mode solutions to the wave equation. The state-space models will eventually be employed as “forward”
propagators in model-based signal processing schemes.? Note that this approach does not offer a new
solution to the resulting boundary value problem, but, in fact, requires that a solution be available a
priori in order to propagate the normal modes recursively in an initial value scheme.

For our propagation model, we assume a horizontally stratified ocean of depth h with a known source
position (x, y, z). We assume that the acoustic energy from a point source propagating over a long range,
r (r >>h), toward a receiver can be modeled as a trapped wave characterized by a waveguide phenomenon.
For a layered waveguide model with sources on the z (or vertical)axis, the pressure field p is symmetric
about z (with known source bearing) and, therefore, is governed by the cylindrical wave equations which
is given by
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FIGURE 5.7 Complex ocean acoustic environment: transmit/receive arrays, surface scattering, bottom interaction,
clutter, target, and ambient noise.
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0 10 0’ 19°
azp(r, z,t) + Fa—rp(r, z,t) +a—22p(r, z,t) = a?zp(r, z,t). (5.25)

The solution to this equation is accomplished by using the separation of variables technique, that is,

p(r.z,t) = WNe(z)T(t) (5.26)

Substituting Equation 5.26 into Equation 5.25, assuming a harmonic source

T(t) = ¢ (5.27)

and defining separation constants K,, K,, we obtain the following set of ordinary differential equations:

d’ 1d
() TR0 = —K7u(r)

2

d _ 2
dzzfp(Z) = —K;0(2) (5.28)

2
2 W

" @)

2 2
K = K; +K;

where solutions to each of these relations describe the propagation of the acoustic pressure in cylindrical
coordinates assuming the harmonic source of Equation 5.27 and the speed of sound a function of depth,
¢ =c¢(2).

An approximation to the solution of the range-dependent relation of Equation 5.28 is given by the
Hankel function approximation as

1 ked
r) = e 5.29
u(r) o (5.29)
and shows that the waves spread radially from the source and are attenuated by 1/ ./r .
The depth relation of Equation 5.28 is an eigenvalue equation in z with

d2

d——ztpm(z) +K,(m@,(z) =0m=1,..,M (5.30)
z

whose eigensolutions {@,(z)} are the modal functions, and K, is the wavenumber in the z-direction. These
solutions depend on the sound speed profile, ¢(z), and the boundary conditions at the surface and bottom.

Using the orthogonality property of the modal functions with a known point source located at z,, we
obtain the total wavenumber as

2 (.02

K™=
¢ (z)

where K, K, are the respective wave numbers in the r and z directions with ¢ the depth-dependent sound
velocity profile and w the harmonic source frequency.

For our purpose, we are concerned with the estimation of the pressure field, therefore, we remove the
time dependence, normalize units, and obtain the acoustic pressure propagation model,

= kKX(m)+K:(m),m = 1,...,M (5.31)

©2001 CRC Press LLC



—a ((m)r
JK,(m)r

K (m)r

where p is the acoustic pressure, q is the source intensity, a is the attenuation coefficient, ¢, is the mt"
modal function at z and z,, k,(m) is the horizontal wavenumber associated with the m™" mode, and r is
the horizontal range.

To develop the state-space forward propagation model, we use the cylindrical wave equation and
make the appropriate assumptions leading to the normal-mode solutions of Equation 5.28. Recall
that the depth equation is an eigenvalue equation whose eigensolutions @,,(z) are the modal functions
and K, is the wavenumber in the z-direction depending on the sound velocity profile, c¢(z), and the
boundary conditions at the surface and bottom. As before, the mth mode satisfies the depth relation
of Equation 5.30.

Since the depth relation is a linear, space-varying coefficient (for each layer) differential equation, it
can easily be placed in state-space form where the state vector is defined as x = [@,(z) (d/dz)@,(2)".
Examining mode propagation in more detail, we see that each mode is characterlzed by a set of second-
order, ordinary differential equations which can be written as

p(r,z) = q Z O (22) O (2) — (5.32)

4@ = A% = | 2 Y@ (5.33)
dz . 2(m) 0

K;

The solution to this equation is governed by the state-transition matrix, ®(z, z,), where the state equation
is solved by

Xn(2) = Ou(2,20)%0(z0) M =1, M (5.34)
and the transition matrix satisfies
D (2,29) = An(2)P(z,20) m=1..,M (5.35)

with ®,,(z,, zo) = .
If we include all of the M modes in the model, then we obtain

q Aq(2) o]
a?g(z) = : o X2 (5.36)
O ... Au(2
or simply
Lx@) = A@X(2) (537)

Next we develop the state-space form for the range propagator. The range equation is given in Equation
5.28, but since we have expanded the depth relation in terms of normal modes, then Equation 5.31 shows
that the horizontal wavenumbers {k,(m)}, m =1, ..., M are also a function of mode number m. Thus,
we can rewrite Equation 5.28 as

d? 1d 2
d_rzp-m(r) + Fd_r“m(r) = _Kr(m)pm(r) m=1..,M (538)
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and now define the range state vector as x,, := [H,(r) (a/dr)p,(r)]". Again, the state equation corre-
sponding to the m™" mode is

0 1

Xm
—Z(m) 3

S_:),(m(r) = An(Nxp(r) = (r (5.39)

The range state-space solutions can be calculated using numerical integration techniques as before,
that is,

Xm(r) = D1, 1o)X, (ro) m=1..M (5.40)

and similarly
d%qnm(r, r) = A (N (hr)  m=1, ..M (5.41)

with ®,(r,, 1p) = I. Including all of the M wavenumbers, we obtain the same form of the block decoupled
system matrix of Equations 5.36 or simply

d -
372 (1) = A(MX(r) (5.42)

So, we see that the modal and range propagators consist of two “decoupled” state spaces, each of which
is excited by the separable point source driving function

u(r,z) = 8(r—ry,,z—2,) = 0(r-ry)d(z-2z,) (5.43)

which can be modeled in terms of the initial state vectors. The coupling of the range and depth is through
the vertical wavenumbers, k,(m), and the corresponding dispersion relation of Equation 5.31. These
wavenumbers are obtained as the solution to the boundary value problem in depth and are in fact that
resulting eigenvalues. Thus, the boundary values, source intensity, etc. are “built” into these wavenumbers,
and for this reason we are able to forward propagate or reproduce the modal solutions from the state-
space (initial value) solutions. The final parameters that must be resolved are those which depend on the
point source [q, {®,(z,)}] and the corresponding energy constraints on the modal functions. We will include
these parameters in the measurement or output equations associated with the state-space propagator.

Next we develop the pressure measurement model. If we assume that the pressure field is measured,
remove the time dependence, etc. and use the two-dimensional model

p(r.z) = u(ne(2) (5.44)

then we can derive the corresponding pressure measurement model. Assuming the normal-mode solu-
tion, we must sum over all of the modes as in the acoustic propagation model of Equation 5.32. That is,

M
p(r.2) = Y wi(Ne(2) (5.45)
i=1
where w; is a weighting function given by

W, = q@i(z,) (5.46)
ﬁmﬁ(z)dz
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In terms of our state-space propagation models, recall that

k[ ®@ k([P0
@ =[] - gy X0 = oo = KNG (547
and that
p(r.2) = 3 Wixa(P)%a(2) (549)

i=1

which is the value of the pressure field at the /" sensor and clearly a non-linear function of the states. If
we employ a complete vertical array of hydrophones as our measurements, the depth must be discretized
over the L, elements, so that z, ..., z, and

X11(Z1) X21(Z1) v Xma(Za) || Wixqga(r)
p(r,z) = : A : : (5.49)

X11(20) Z21(20) - X (ZL )| | WX (1)
or simply

P = X(2)x,(r) (5.50)

where p O c s the resulting pressure field. It is possible to extend the measurement model to a
horizontal array by merely discretizing over r, that is, ry, ..., I, and interchanging the roles of x(z) —
X;;(r,) in Equation 5.49. It is important to understand that the recursive nature of the state-space formu-
lation causes the simulation and eventual processing to occur in a sequential manner in depth (range)
for this vertical (horizontal) array, yielding values of all modal functions at a particular depth z, corre-
sponding to the ¢t sensor. To see this, rewrite Equation 5.45 in vector form as

kxll(zl)ﬁ
X12(2/)

p(r,z,) = [WiXq3(r) O wyXpq(r) O ... WyXy.(r) O] : =1L (5.51)

Xm1(Z/)
| Xm2(2/)]

which can be viewed as sequentially sampling the modal (range) functions at the given array sensor depth
(range) location. That is, all modal functions are sampled at the ¢t sensor located at depth z,, next all
the modal functions are sampled at z, , ;, and so on until the final sensor at z, . For the design of large
arrays, this sequential approach can offer considerable computational savings.

Next let us consider the representation of a two-dimensional, equally spaced array with sensors located
at {(r, )}, i=1, ..., L, j=1 .., L. We write the equations by “stacking” the vertical equation of
Equation 5.48 into L, — L, vectors, that is,
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p(r.) Xi(z) ... O Xw(r1)
: = : : : (5.52)

E(T:Lr) 0 .. X, (@) [xu(r)
or

p = X(2)Xu(r) (5.53)

forp O ct ,x O g M ,and X, O ¢ Note also that for the case of equally spaced vertical
line arrays with the identical number of sensors, we have x,(z) = ... X., (z) = X(2). Also, recall that the
pressure field will be processed sequentially due to the recursive (in depth or range) nature of the state-
spaceLapproach Note also that a two-dimensional thinned array can also be characterized by defining L,
= gi _, Ly, is the number of vertical sensors in the j*" line.

early, the array pressure measurement is a non-linear vector function of x;(r) and x;(z,), that is,

p(r,z) = C(x(r), x(2)) (5.54)

Note that we will restrict our development to the vertical line array of Equation 5.49.

In summary, we have just shown that the separable solutions to the modal and range equations can
be characterized individually in “linear” state-space form with a non-linear pressure measurement system.
We summarize the state-space formulation of the “normal-mode” model for a vertical line array of L,
elements as

Modal Model: %g(z) = A(z)x(z) (5.55)
Range Model: ad—rx(r) = A(NX(r) (5.56)
Pressure Measurement Model: p(r,z) = C(x(r), x(z)) (5.57)

where x(2), x(r), B 0 RM*, ACTRM=M, p C R, and

A(z) ... O Ar)y ... O
A(z) = | : SOLA) =] : (5.58)
O ... Au(2) O ... Au(r)
with
0 1
Amo =] 0 YNam=| ., (5.59)
—3(m) 0 —«;(m) —
and also
C(x(2),x(r)) = {Zwixu(r)xu(zl)--- zWiXil(r)Xil(sz) (5.60)
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u(r, 2) = 8(r—r)8(z—z.), W, = %(Zs) (5.61)
J';(p,(z)dz

This constitutes a complete deterministic representation of the normal-mode model in state-space
form. However, since propagation in the ocean is affected by inhomogeneities in the water, slow time
variations in the sound speed, and motion of the surface, the model must be modified to include these
effects. This can be done in a natural way by placing the model into a Gauss-Markov representation
which includes the second-order statistics of the measurement as well as the modal/range noise. Note
that since the pressure measurement model is non-linear, this model is only approximately Gauss-Markov
because the associated non-linearities are linearized about their mean. The measurement noise can
represent the near-field acoustic noise field, flow noise on the hydrophone, and electronic noise. The
modal/range noise can represent sound speed errors, distant shipping noise, errors in the boundary
conditions, sea state effects, and ocean inhomogeneities. Besides the ability to lump the various noise
terms into the model, the Gauss-Markov representation provides a framework in which the various
statistics associated with the model, such as the means and their associated covariances, can be computed.
Upon simplification of the notation used above, the general Gauss-Markov propagation model for our
problem is shown in Table 5.3.

Here we note some interesting features of this representation. First, there is no constraint of
stationary statistics because the vector functions and associated matrices are functions of the index
variable ¢ which is (r, z) in our problem. Note that the covariance evolution equations must be
calculated through integration techniques. Also, this model is non-linear, as observed from the mea-
surement model of Equation 5.48, resulting in the approximate Gauss-Markov representation due to
linearization about the mean in the measurement covariance equations of Table 5.3. These statistics
are quite useful in simulation because confidence intervals can be constructed about the mean for
validation purposes.

Note also that in this framework well-known notions are easily captured. For instance, the solution
to the state equation is given in terms of the state transition matrix, ®(¢, 1), which is related to the
Green’s function of the propagation medium. In fact, an interesting way in which the process noise, w,
enters the Gauss-Markov model is similar to the shipping noise. This can be observed through the state
solutions of Equation 5.39 or 5.42,

x(£) = @(4, fo)X(fo)+J’i (4, )W(a)w(a)da (5.62)

where we see that the process noise propagates through the same medium as the source. Note also that
the covariance contribution of the noise is part of the state variance/covariance terms in Table 5.3.

For our normal-mode representation, we can specify the model in terms of the previously derived
relationships; thus, we define the approximate Gauss-Markov ocean propagation model as

d
D (a1 o k@ [we) | o |[we)
|+ __ __ (5.63)

O | A(r)|x(r) O | W(r)|w(r)

d
d—rX(r)

y(r,z) = C(x(r), x(2)) + v(r, 2) (5.64)

where the model parameters {A(z), A(r), W(z), W(r), C(x(r), x(z))} are defined above. We also assume
that {w (z), w(r)} are zero mean, Gaussian with respective covariances, and R, ,, and R,,,, with v(r,2)
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TABLE 5.3 Approximate Continuous-Discrete Gauss-Markov Representation

State propagation

d%x(é) = A(0)X(£) + W(O)w(r) (5.65)

State mean propagation

Lm0) = A1) (5.66)

State variance/covariance propagation

(%P(z) = A(0)P(£) + P(£)A(£) + W(£)Ruu ()W (£)

fzp“' Rl m(%qu?&f?) ttZsTr
Measurement propagation
y(£) = C(x(£)) +v(¢) (5.67)
Measurement mean propagation
my(£) = C(m(1)) (5.68)

Measurement variance/covariance propagation
d d , ,
_ 9 9 .
Ryy(krr) - &C[mx(é)]P(/vT)&C[mx(T)] +va(1/'vr)
State transition propagation
d%d)(k‘, 1) = A()P((,T) (5.69)

2 cimy(0) = Zcix()] (5.70)

X(£) =m,(0)

are also zero mean, Gaussian with covariance R, Also, the initial state vectors x(z,) ~ N(m,, P,) and
X(rg) ~ N(m,, P,) are Gaussian.

This completes the development of the state-space forward propagators for model-based signal pro-
cessing. But before we close, we emphasize that we are not actually solving the differential equation in
the usual sense. The MBP is a recursive estimation scheme which requires initial values for the state
vector. The processor then propagates sequentially down the vertical array using the forward propagator,
which evolves from the wave equation. This is somewhat similar to an initial value problem, which
attempts to directly solve the differential equation, but does not incorporate the data. In our case, we
used SNAP?.272° to provide the initial values as the solution to the two point boundary value problem.
Given these initial values, the forward propagator then sequentially marches down the array, and at each
step (hydrophone) the predicted measurement is compared to the actual measurement (innovation) to
generate the model-based correction. The effectiveness of this approach is dependent upon these initial
values. That is, the initial solution (in this case provided by SNAP) must be reasonably close to the truth,
otherwise the estimates will converge slowly or not at all. However, since the data are used as an integral
part of the processing, the initial solution need not be exact, since any errors in the initial values are
dealt with by the correction stage of the processor at each step in the recursion. We discuss this further
in subsequent sections.
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5.4 Ocean Acoustic Model-Based Processing Applications

In this section, we discuss various applications of the optimal MBP to ocean acoustic data. In each
application, we have applied the MBP design methodology of Section 5.2 by following the basic steps
outlined: (1) model development, (2) simulation/minimum-variance design, (3) application (“tuning”)
to data sets, and (4) performance analysis. Here, we will concentrate on Step 3 of the application to ocean
acoustic data with the understanding that Steps 1 and 2 have been completed. For more details and the
step-by-step processor designs, see the appropriate papers referenced. We will briefly discuss the following
applications to a portion of the ocean known as the Hudson Canyon, which has been used extensively
for ocean acoustic sea testing. After describing the Hudson Canyon data, we proceed to develop the
following MBP applications.

5.4.1 Ocean Acoustic Data: Hudson Canyon Experimental Data

Here, we discuss a set of experimental data that was granted over a representative part of the ocean which
captures many of the features captured in various experimental scenarios that could be envisioned. The
Hudson Canyon experiment was performed in 1988 in the Atlantic Ocean. It was led by Dr. W. Carey
of the Naval Undersea Warfare Center (NUWC), with the primary goal of investigating acoustic propa-
gation (transmission and attenuation) using continuous wave data. Hudson Canyon is located off the
coast of New Jersey in the region of the Atlantic Margin Coring project (AMCOR) borehole 6010. The
seismic and coring data are combined with sediment properties measured at that site.*>*¢ Excellent
agreement was achieved between the model and data as recently reported by Rogers,*” indicating a well-
known, well-documented shallow water experiment with bottom interaction and yielding ideal data sets
for investigating the applicability of an MBP to measured ocean acoustic data. All of the required
measurements were performed carefully to obtain environmental information such as sonar depth
soundings, CTD, and sound speed profile measurements along the acoustic track.

The Hudson Canyon is topologically characterized by two clearly distinct bottoms: a flat bottom and
a sloping bottom. A vertical array of 24 hydrophones was anchored at the bottom, and an acoustic source
was driven both away and toward the array on the predefined environmental tracks. The Hudson Canyon
experiment was performed at low frequencies (50 to 600 Hz) in shallow water at a depth of 73 m during
a period of calm sea state. A calibrated acoustic source was towed at roughly 36 m depth radially to
distances of 0.5 to 26 km. The ship speed was between 2 and 4 km. The fixed vertical hydrophone array
consisted of 24 phones spaced 2.5 m apart extending from the seafloor up to a depth of about 14 m
below the surface. CTD and SSP measurements were made at regular intervals, and the data were collected
under carefully controlled conditions in the ocean environment. We note that, experimentally, the
spectrum of the time series data collected at 50 Hz is dominated by five modes occurring at wave numbers
between 0.14 to 0.21 m-t, with relative amplitudes increasing with increased wave number. As seen from
the work of Rogers,*” the SNAP? simulation was performed and the results agree quite closely, indicating
a well-understood ocean environment.

In order to construct the state-space propagator, we require the set of experimental parameters dis-
cussed above which were obtained from the measurements and processing (wave number spectra). The
horizontal wave number spectra were estimated using synthetic aperture processing.®2-% Eight temporal
frequencies were employed: four on the inbound (75, 275, 575, and 600 Hz) and four on the outbound
(50, 175, 375, and 425 Hz). In this application, we will confine our investigation to the 50 Hz case, which
is well documented, and to horizontal ranges from 0.5 to 4 km. The raw measured data were processed
(sampled, corrected, filtered, etc.) by Mr. J Doutt of the Woods Hole Oceanographic Institute (WHOI)
and supplied for this investigation.

Due to the shallow ocean (73 m) and low temporal frequency (50 Hz), only five modes were supported
by the water column. The horizontal wave numbers and relative amplitudes used in the propagator were
those obtained from the measured spectrum. We used the same array geometry as the experiment, that
is, a vertical array with sensors uniformly spaced at 2.5 m, spanning the water column from the bottom
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FIGURE 5.8 Hudson canyon experiment with vertical array and sound source.

up to 14.5 m below the surface. Note that when we perform the simulation and model-based processing,
all the modal functions will “start” at 14.5 m because of the initial array depth. We will use a piecewise
linear approximation of the SSP obtained from the measured SSP of Figure 5.8 and confine our inves-

tigation to the 50 Hz case.

The linear space-varying “depth only” Gauss-Markov model of Section 5.3 is employed along with its
corresponding statistics. The model takes on the following form for a 24-element vertical sensor array
with 2.5 m vertical spacing located at (r, z,):

0. |
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+w(z) (5.71)

r=1,..L (572)

where, in this case, we use Bi(r,, 2) = (q@(z,))/ 0(p,z(z)dz H,(k.(i)r,), and H, is the Hankel function solution
to the range propagator.?® We model the SSP as piecewise linear with
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c(z) = a(z)z+b(z) a, b known (5.73)

where a(z) is the slope and b(z) is the corresponding intercept, these are given by

a(z) = % 2,_,<2<z, (5.74)
l -1

and

b(z) = c¢(z)) (5.75)

where these parameters are estimated directly from the measured profile. This SSP is embedded in the
K,(m) parameter of the system matrix A,(z), and the [3(r,, z) are the relative modal amplitudes estimated
from the horizontal wave number spectrum. This completes the development of the state-space propa-
gator developed for the Hudson Canyon experiment. Next we discuss the design of the MBP for the noisy
measured experimental data.

5.4.2 Ocean Acoustic Application: Adaptive Model-Based
Signal Enhancement

Here we briefly discuss the development of a model-based signal enhancer or filter designed to extract
the desired signals, which in this application is the estimated modal functions and pressure field. A model-
based approach is developed to solve an adaptive ocean acoustic signal processing problem, Here, we
investigate the design of a model-based identifier for a normal-mode model developed for the Hudson
Canyon shallow water ocean experiment and apply it to a set of experimental data, demonstrating the
feasibility of this approach. In this application, we show how the parametric adaptive processor can be
structured to estimate the horizontal wave numbers directly from measured pressure field and sound
speed. Improvements can be achieved by developing processors that incorporate knowledge of the
surrounding ocean environment and noise into their processing schemes.®>** However, as mentioned
previously, it is well known that if the incorporated model is inaccurate either parametrically or from
the basic principles, then the processor can actually perform worse in the sense that the predicted error
variance is greater than that of the raw measurements.>2 In fact, one way to choose the “best” model or
processor is based on comparing predicted error variances — the processor achieving the smallest wins.
In practice, the usual procedure to check for model adequacy is to analyze the statistical properties of
the resulting residual or innovations sequence, that is, the difference between the measured and predicted
measurements. Here again, the principle of minimum (residual) variance is applied to decide on the best
processor or, equivalently, the best embedded model.” Other sophisticated statistical tests have been
developed for certain classes of models with high success to make this decision.2”1824 In any case, the
major problem with model-based signal processing schemes is assuring that the model incorporated in
the algorithm is adequate for the proposed application, that is, it can faithfully represent the ongoing
phenomenology. Therefore, it is necessary, as part of the MBP design procedure, to estimate/update the
model parameters either through separate experiments or jointly (adaptively) while performing the
required processing.!®? The introduction of a recursive, on-line MBP can offer a dramatic detection
improvement in a tactical passive or active sonar-type system, especially when a rapid environmental
assessment is required.®2 In this section, we discuss the development of a processor capable of adapting
to the ever-changing ocean environment and providing the required signal enhancement for eventual
detection and localization.

Here, we investigate the development of an adaptive MBP which we define as the model-based identifier
(MBID). The MBID incorporates an initial mathematical representation of the ocean acoustic propaga-
tion model into its framework and adapts, on-line, its parameters as the ocean changes environmentally.
Here, we are interested primarily in a shallow water environment characterized by a normal-mode model,
and therefore, our development will concentrate on adaptively adjusting parameters of the normal-mode
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FIGURE 5.9 Adaptive model-based signal enhancement: the basic processor.

propagation model to “fit” the ocean surrounding our sensor array. In fact, one way to think about this
processor is that is passively listens to the ocean environment and “learns” or adapts to its changes. It is
clear that the resulting processor will be much more sensitive to changes than one that does not adapt,
thereby providing current information and processing. In the following, we define the MBID as a Kalman
filter whose estimated states are the modal functions @(z,) and states representing the estimated ocean
acoustic parameters é(z/) that have been augmented into the processor. The basic processor is shown
in Figure 5.9. The inputs to the MBID are raw data [{p(z,), {c(z,)}], and its outputs are 6(z,), the set of
parameters of interest. There are advantages to this type of processing. First, it is recursive and, therefore,
can adaptively update the estimates of the sonar and environmental parameters. Second, it can include
the system and measurement noise or uncertainty in a self-consistent manner. By uncertainty, it is meant
errors in the input parameters of the model. Third, one of the outputs of the MBID is the innovation
sequence, e(z,), which provides an on-line test of the goodness of fit of the model to the data.”? This
innovation sequence plays a major role in the iterative nature of this processor by providing information
that can be used to adaptively correct the processor and the propagation model itself.%

The application of this adaptive approach to other related problems of interest is apparent. For signal
enhancement, the adaptive MBP or MBID can provide enhanced signal estimates of modal functions
(modal filtering), pressure-field estimates (measurement filtering), and parameters of interest (parameter
estimation) such as wave numbers, range-depth functions, sound speed, etc.®2 For model monitoring
and source detection purposes, the MBID provides estimates of the residuals or innovations sequence,
which can be statistically tested for adequacy’ or used to calculate a decision function.”%® For localization,
the MBID provides estimates of the enhanced range-depth and modal (modal filter) functions used for
model-based localization as discussed in Reference 18. It can also be used to provide enhanced
modes/pressure field for MMP or the MFP. In fact, for rapid assessment of the ocean environment — a
definite requirement in a tactical situation — it is possible to perform model-based inversion on-line,
using the MBID scheme to adaptively estimate the changing parameters characterizing the sound speed
profile.#22 Thus, the MBID provides a technique capable of “listening and learning.”

5.4.2.1 Model-Based Signal Enhancement: Parametrically Adaptive Model

Next, we briefly develop the MBID for use with the normal-mode, ocean acoustic propagation model.
System identification is typically concerned with the estimation of a model and its associated parameters
from noisy measurement data. Usually, the model structure is predefined (as in our case) and then a
parameter estimator is developed to fit parameters according to some error criterion. After completion or
during this estimation, the quality of the estimates must be evaluated to decide if the processor performance
is satisfactory or, equivalently, if the model adequately represents the data. There are various types (criteria)
of identifiers employing many different model (usually linear) structures.“®-* Since our efforts are primarily
aimed at ocean acoustics in which the models and parameters are usually non-linear, we will concentrate
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on developing a parameter estimator capable of on-line (shipboard) operations and non-linear dynamics.
From our previous discussions, it is clear that the EKF identifier will satisfy these constraints nicely. The
general non-linear identifier or, equivalently, parameter estimator structure can be derived directly from
the EKF algorithm?2 in discrete form, which we showed in Table 5.2 previously. We note that this algorithm
is not implemented in this fashion; it is implemented in the numerically stable UD-factorized form as in
SSPACK_PC,* a toolbox in MATLAB.* Here, we are just interested in the overall internal structure of the
algorithm and the decomposition that evolves. The simplified structure of the EKF parameter estimator
is shown in Figure 5.10. The basic structure of the MBID consists of two distinct, yet coupled, processors:
a parameter estimator and a state estimator (filter). The parameter estimator provides estimates that are
corrected by the corresponding innovations during each recursion. These estimates are then provided to
the state estimator (EKF) to update the model parameters used in the estimator. After both state and
parameters estimates are calculated, a new measurement is processed and the procedure continues.

For propagation in a shallow water environment, we choose the normal-mode model which can easily
be placed in state-space form (see Section 5.3 for details). We choose the “depth only” structure and
assume a vertical array which yields a linear space-varying formulation, then we develop the identifier
— a non-linear processor. Next, we investigate the performance of the processor on the Hudson Canyon
data set discussed above.

Recall from Section 5.3 that the pressure-field measurement model is given by

p(ry2) = C'(r, 2)0(2) + v(2) (5.76)
where
CT(rs’ Z) = [Bl(rs’ Zs) O‘Bz(rs’ Zs) 0‘ ‘ BM(r51 Zs) 0] (577)
with
Bu(rz) = 22 1y myry)
chpm(z)dz
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The random noise vector v is assumed Gaussian, zero mean with respective covariance matrix, R,,.
Our array spatially samples the pressure field, therefore, we choose to discretize the differential state
equations using a finite (first) difference approach. Since a vertical line sensor array was used to measure
the pressure field, the measurement model for the mt" mode becomes

pm(rSI Z/) = Bm(r51 Zs)(pml(zl;‘) + Vm(zf) (578)

It is this model that we employ in our MBID. Next, suppose we assume that the horizontal wave
numbers, {k,(m)}, are unknown and we would like to estimate them directly from the pressure-field
measurements. Note that the horizontal wave numbers are not a function of depth, they are constant or
invariant over depth. Once estimated, the horizontal wave numbers along with the known sound speed
can be used to determine the vertical wave numbers directly from the dispersion relation of Equation
5.31 (see Section 5.3).

The basic form of the coupled modal equations follow from Equation 5.8 withk, - 8andm=1, ..., M:

On1(Z/) = @nalz-i) +AZ,@n2(2,_1)
2
W
Ona(2)) = —Azfﬁz——— — 62— B (Z1-2) + Gna(2,-1) (5.79)
(z/-1)
Bm(z0) = Bn(z,_1)
and corresponding measurement model
pm(rSI Z/) = Bm(rsr Zs)(pml(zf‘) (580)
The information required to construct the adaptive processor is derived from the above Gauss-Markov
process and measurement functions using the augmented approach to design the parametrically adaptive
processor (see Section 5.2). The details can also be found in Reference 23. The overall MBID relations

used to enhance both modal and pressure-field measurements are given by the prediction equations for
the m™ mode and wave number:

zpml(zi‘zfa—l) = E\pml(zi‘zf,—l)+Azé€pm2(zf:—l‘2/:—l)
2

On2(Z|2,-1) = _Azfﬂ%_eﬁﬁ(zé—l‘zf—l)g(pml(zf—l‘Zé—l) + Qm2(2,_1]2,_1) (5.81)
¢

ém(zl‘zl—l) = ém(zi—l‘zé‘—l)

The corresponding innovations (parameterized by 8) are given by

M

ez, 8) = p(rz) = cl® B@mi(z,]2,-1,0) (582)
m=1
with the correction equations

(AP(Z/‘\Z(‘) = (:D(Z(r‘zf‘—l) +Ky(z/)e(z,, 8)

" « (5.83)
8(z,|z,) = Om(z/]2,_1) +Ke(z,)e(z/, 6)

Note the signal erlhancements produced by the adaptive processor are the sets of modal and pressure-
field estimates, [{®(z,}), {Pm(z)}]. M =1, ..., M.
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Next we discuss the application of the MBID to noisy experimental measurements from the Hudson
Canyon data set discussed above. We investigate the results of the MBID performance on the experimental
hydrophone measurements from the Hudson Canyon. Here, we have the 24-element vertical array and
initialize the MBID with the average set of horizontal wave numbers: {0.208, 0.199, 0.183, 0.175, 0.142}
m-1 for the five modes supporting the water column from a 36 m deep, 50 Hz source at 0.5 km range
(see References 8 and 33 for more details). The performance of the processor is best analyzed by the
results in Figures 5.11 and 5.12, where we see that the residual or innovations sequence which lies within
the +2,/R,. bounds and the associated zero-mean/whiteness tests are also shown. Recall that it is necessary
for the innovations sequence to be zero mean and white for the processor to be deemed as tracking for
the modes and associated parameters (Figure 5.11). Thus, the processor is successfully tracking and the
model is valid for this data set. Note that the whiteness test is limited to stationary processes, since it
employs a sample covariance estimator. However, it can be argued heuristically that when the estimator
is tuned, the non-stationarities are being tracked by the MBP, and, therefore, the innovations should be
covariance stationary. The associated WSSR statistic (also shown in Figure 5.12) essentially aggregates
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FIGURE 5.11 MBID of the Hudson Canyon experiment (0.5 km): (a) mode 1 and error (91% out), (b) mode 2 and
error (83% out), (c) mode 3 and error (0% out), and (d) mode 4 and error (0% out).
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FIGURE 5.12 MBID of the Hudson Canyon experiment (0.5 km): (a) mode 5 and error (0% out), (b) pressure field
and innovation (2-0% out), and (c) whiteness test and WSSR (0% out).

all of the information available in the innovation vector (see Reference 2 for details) and tests whiteness
by requiring the decision function p(z) which lies below the specified threshold to be white. Note that
the WSSR statistic is not confined to a stationary process. The resulting estimates are quite reasonable,
as shown in Figure 5.12. Note that although there is a little difficulty tracking the first couple of modes,
the results actually appear better than those reported previously for this data set (see References 24). The
results for the higher order modes follow those predicted by the model as observed in Figure 5.12 and
corresponding estimation errors. From Figure 5.12 we see that the reconstructed pressure field and
innovations are also quite reasonable, indicating a “tuned” processor with its zero mean (1.9 x 103
< 6.7 x 10-%) and white (~0% out and WSSR < T) innovation sequence.

The final parameter estimates are shown in Figure 5.13 with the predicted error statistics for these
data, which are also included in Tables 5.4 and 5.5 for comparison to the simulated. We note that the
parameter estimates continue to adapt to the changing ocean environment based on the pressure-field
measurements. We initially start the wave numbers at their averages and then allow them to adapt to
the measured sensor data. The first wave number estimate appears to converge (approximately) to the
average with a slight bias, but the others adapt to other values due to changes in the data. We see that
the MBID appears to perform better than the MBP with the augmented parameter estimator simply
because the horizontal wave numbers are “adaptively” estimated on-line, providing a superior fit to
the raw data. Thus, we see that the use of the MBID in conjunction with vertical array measurements
enables us to enhance the modal and pressure-field measurements even in the ever-changing ocean

©2001 CRC Press LLC



TABLE 5.4 MBID: Wave Number Estimation

Hudson Canyon Experiment

Wave Numbers Model Simulation Experiment
Ky 0.2079 0.2105 + 0.0035 0.2076 + 0.0043
K, 0.1991 0.1993 + 0.0052 0.1978 + 0.0036
Ks 0.1827 0.1846 + 0.0359 0.1817 + 0.0251
Ky 0.1746 0.1770 = 0.0149 0.1746 + 0.0098
Ksg 0.1423 0.1466 + 0.0385 0.1479 + 0.0288

TABLE 5.5 MBID: Wave Number Estimation

Hudson Canyon Experiment: Modal Modeling Error

Mode No. Fixed MBP Adaptive Wave No.
1 18 x10°° 1.2 x 107
2 14 x10°° 1.9 x10°®
3 1.9 x 10 3.0 x 10
4 5.8 x 10 32x10*
5 5.4 x 10 6.7 x 10

environment. In this particular application, we see how the MBID is employed to adaptively estimate
the wave numbers (horizontal) from noisy pressure-field and sound speed measurements evolving
from a vertical array or hydrophones. This completes the section on applying the identifier to a critical
ocean acoustic estimation problem.

We have developed an on-line, parametrically adaptive, model-based solution to the ocean acoustic
signal processing problem based on coupling the normal-mode propagation model to a vertical sensor
array. The algorithm employed was the non-linear EKF identifier/parameter estimator in predictor/cor-
rector form which evolved as the solution to the minimum-variance estimation problem when the models
were placed in state-space form. It was shown that the MBID follows quite naturally from the MBP. In
fact, a horizontal wave number identifier was constructed to investigate the underlying structure of the
processor and apply it to both simulated and Hudson Canyon experimental data, yielding enhancement
results better than those reported previously?* in the sense that the estimated modal functions track those
predicted by propagation models more closely (smaller variances etc.).

5.4.3 Ocean Acoustic Application: Adaptive Environmental Inversion

In this section, a model-based approach to invert or estimate the SSP from noisy pressure-field measure-
ments is discussed. The resulting MBP is based on the state-space representation of the normal-mode
propagation model. Using data obtained from the Hudson Canyon experiment, the adaptive processor
is designed, and the results are compared to the data. It is shown that the MBP is capable of predicting
the sound speed quite well.

In ocean acoustics, we are usually concerned with an environmental model of the ocean and how it
effects the propagation of sound through this noisy, hostile environment. The problem of estimating the
environmental parameters characterizing the ocean medium is called the ocean tomography or, equiva-
lently, the environmental inversion problem and has long been a concern because of its detrimental effect
on various detection/localization schemes.1%-21 Much of the work accomplished on this problem has
lacked quantitative measures of the mismatch of the model with its environment. In a related work,?* it
was shown how to quantify “modeling errors” both with and without a known ocean environmental
model available. In the first case, it was shown how to calculate standard errors for modal/pressure-field
estimates, as well as an overall measure of fit based on the innovations or residuals between the measured
and predicted pressure field. In the second case, only the residuals were used. These results quantify the
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FIGURE 5.13 MBID of the Hudson Canyon experiment (0.5 km): (a) parameter 1 and error (8.7% out), (b)
parameter 2 and error (4.4% out), (c) parameter 3 and error (0% out), (d) parameter 4 and error (0% out), and (e)
parameter 5 and error (0% out).

mismatch between the embedded models and the actual measurements both on simulated as well as
experimental data.

Here, we concentrate on the design of an adaptive MBP to solve the environmental inversion or
oceanographic tomography problem while jointly estimating the underlying signals — which we term
model-based inversion. That is, the MBP is designed to estimate the SSP as well as enhance the corre-
sponding modal/pressure-field signals with its accompanying performance statistics quantified using the
corresponding residuals. More specifically, we are concerned with estimating the SSP from noisy hydro-
phone measurements in a real, hostile ocean acoustic experimental environment. Theoretical work on
the design of the MBP for this problem has been accomplished, indicating that a solution exists.® Here
we apply these techniques for inversion to measured data from the Hudson Canyon experiment. Note
that there is presently a growing literature on oceanographic tomography, since it can deal with the
estimation of many different parameters relative to ocean acoustics. For more information on these issues,
see References 3 and 12 to 14 and references therein.
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5.4.3.1 Adaptive Environmental Inversion: Augmented Gauss-Markov Model

The normal-mode solutions can easily be placed in state-space form, as discussed above in presenting
the Hudson Canyon experiment. Recall that the measurement noise can represent the near-field acoustic
noise field, flow noise on the hydrophone, and electronic noise. The modal or process noise can represent
SSP errors, distant shipping noise, errors in the boundary conditions, sea state effects, and ocean inho-
mogeneities. By assuming that the horizontal range of the source r, is known a priori, we can use the
Hankel function Hy(k.r,), which is the source range solution; therefore, we reduce the state-space model
to that of depth only of Equation 5.71 as before.

The vertical wave numbers are functions of the SSP through the dispersion relationship of Equation
5.31 and can be further analyzed through knowledge of the SSP. Since our processor will be sequential,
it is recursing over depth. We would like it to improve the estimation of the SSP “in-between” sensors.
With a state-space processor, we can employ two spatial increments in z simultaneously: one for the
measurement system Az, :=z,—-z,_, and one for the modal state space Az; = (Az,)/(N,) where N, is an
integer. Therefore, in order to propagate the states (modes) at Az; and measurements at Az, we must
have values of the SSP at each Az; (sub-interval) as well. Suppose we expand c(z) in a Taylor series about
a nominal depth, say z,, then we obtain

(Z_ZO)N
N!

€(z) = 60(zo) +81(20)(z2 —20) + ... +6n(20) (5.84)

where

8i(z0) = 2¢2)

In this formulation, therefore, we have a “model” of the SSP of the form ¢ (z,) = AL(Z[)G(zé) , Where

AZ)-
DN(z) = [1 Az[_l...N—[ll}

and the set of {6,(z,)} are only known at a sparse number of depths, ¢ =j,j+ 1, ..., ] + N, More
simply, we have a set of measurements of the SSP measured a priori at specific depths — not necessarily
corresponding to all sensor locations {z,} — therefore, we use these values as initial values to the MBP,
enabling it to sequentially update the set of parameters {6,(z,)} over the layer z, _, < z; <z, until a new
value of 6;(z;) becomes available, then we re-initialize the parameter estimator with this value and
continue our SSP estimation until we have recursed through each sensor location. In this way we can
utilize our measured SSP information in the form of a parameter update and improve the estimates
using the processor. Thus, we can characterize this SSP representation in an approximate Gauss-Markov

model, which is non-linear, when we constrain the SSP parameters to the set {6(z))}, z, = z, ..., z; +
N, that is,
On(z,) + Az, W (z/) 2,<2;<Z,4,
On(z/+1) = O (5.85)
Bn(2/)0(z, - 7)) Z, = g

where we have w ~ N(0, Ry, ), and By (z5) ~ N(8y (0), Pe(0)).

It is this model that we use in our adaptive MBP to estimate the sound speed and solve the environ-
mental inversion problem. We can now “augment” this SSP representation into our normal-
mode/pressure-field propagation model to obtain an overall system model. The augmented Gauss-Markov
(approximate) model for M-modal functions in the interval z, < z; < z, ., is given by
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X(Z;+1) A(z,8) | 0 || x(z)) w(z,)

| = N I I
On(Z+1) 0 | In+a) [On(Z0) We(z/)
with the corresponding measurement model
; x(z,)
p(rz,) = [CT(r 2)|01 |- - =L +v,(2) (5.86)
8(z,)

This completes the development of the state-space forward propagator for the experiment. Next we
discuss the design of the MBP for the Hudson Canyon data.

5.4.3.2 Adaptive Environmental Inversion: Sound Speed Estimation

Next we develop a solution to the environmental inversion problem by designing an MBP to estimate
the sound speed, on-line, from noisy pressure-field measurements. The processor is based on the aug-
mented model above. We briefly discuss the approach and then the algorithm and apply it to the Hudson
Canyon experimental data for a 500 m range at a 50 Hz temporal frequency.

The environmental inversion problem can be defined in terms of our previous models as the following:

GIVEN a set of noisy acoustic (pressure-field) measurements {p(r,, z,)} and a set of sound speed
parameters {6(z,)}, FIND the best (minimum-variance) estimate of the SSP, ¢(z,).

For this problem, we have a sparse set of SSP measurements available at Ny = 9 depths with a complete
set of pressure-field measurements. The solution to the inversion problem can be obtained using the
parametrically adaptive form of the EKF algorithm®2 discussed in the previous application employed as
a joint state/parameter estimator. Here, we choose the discrete EKF available in SSPACK_PC.*

The experimental measurements consist of sound speed in the form of discrete data pairs {c(z), 2}
which can be utilized in the estimator for correction as it processes the acoustic data. We use the first
two terms (N = 2) of the Taylor series expansion of the SSP (piecewise linear) for our model, where both
6, and O, are space-varying, Gaussian random functions with specified means and variances, and,
therefore, through linearity, so is ¢(z,). Thus, our Gauss-Markov model for this problem is given by
Equation 5.86. We will use a spatial sampling interval of Az; = (Az,)/10 in the state propagation equations
as discussed previously. The corresponding EKF estimator evolves from the algorithm (see Reference 2)
with all of the appropriate functions and Jacobians.

We observe the performance of the model-based SSP processor. Here, we use only the acoustic
measurements and the nine sound speed data values {¢(z)},j = 1, ..., 9 to set hard constraints on the
parameter estimator and force it to meet these values only when the appropriate depth is achieved. The
results of the runs are shown in Figure 5.14. Here, we see the estimated SSP parameters and reconstructed
SSP. The estimator appears to track the SSP parameters as well as the profile. The standard rms modeling
errors (see Reference 24 for details) for the SSP parameters and profile are, respectively, 1.6 x 104, 2.7
x 10-%,and 1.0 x 102, Since we are using a joint estimator, the enhanced estimates of both modal functions
and the pressure field are in excellent agreement with all of the modes predicted by the validated SNAP
propagation model. The standard rms modeling errors for each mode, respectively, are 1.0 x 10-?, 1.3 x
10-3, 2.3 x 104, 2.2 x 10, and 3.5 x 10 The innovations or residuals are shown in Figure 5.15, where
we see that they are zero mean and reasonably white (8.3% out of bounds). The rms standard error for
the residuals is given by 2.9 x 10-3. So we see that the processor is clearly capable of jointly estimating
the SSP and enhancing the modal/pressure field.

In this section, we have developed an on-line, adaptive, model-based solution to the environmental
inversion problem, that is, an SSP estimation scheme based on coupling the normal-mode propagation
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model to a functional model of the SSP evolving from Taylor series expansion about the most current
sound speed measurement available. The algorithm employed was the parametrically adaptive EKF, which
evolved as the solution to the minimum-variance estimation problem when the augmented models were
placed in state-space form.

5.4.4 Ocean Acoustic Application: Model-Based Localization

In this section, a parametrically adaptive, model-based approach is developed to solve the passive local-
ization problem in ocean acoustics using the state-space formulation. It is shown that the inherent
structure of the resulting processor consists of a parameter estimator coupled to a non-linear optimization
scheme. We design the parameter estimator or more appropriately the adaptive MBID for a propagation
model developed from the Hudson Canyon shallow water ocean experiment.

Let us examine the inherent structure of the adaptive model-based localizer shown in Figure 5.16.
Here, we see that it consists of two distinct parts: a parameter estimator implemented using an MBID
as discussed above and a non-linear optimizer to estimate the source position. We see that the primary
purpose of the parameter estimator is to provide estimates of the inherent localization functions that
then must be solved (implicitly) for the desired position. In this application, we will show that the
parameter estimator (or identifier) will be model-based, incorporating the ocean acoustic propagation
model. Thus, we see that it is, in fact, the adaptive MBP or, in this case, the MBID that provides the
heart of the model-based localization scheme.

Measurement Range-Depth Position
Data b ) Function Nonli Estimate
arameter lonlinear
Estimator Optimization

FIGURE 5.16 Model-based localization: the basic processor.

We develop the model-based localizer (MBL) for our ocean acoustic problem and show how it is realized
by utilizing an MBID coupled to a non-linear optimizer. It will also be shown that the MBID provides an
enhanced estimate of the required range-depth function, which is essentially the scaled modal coefficients
that are supplied to the optimal position estimator. Next, we briefly outline the complete processor and
show the structure of the embedded MBID. The MBL is applied to the Hudson Canyon experimental data,
demonstrating the impact of using the MBID for signal enhancement prior to localization.

5.4.4.1 Model-Based Localization: Non-Linear Optimizer

First, we develop an MBL for use with the normal-mode model and choose the “depth only” structure
with a vertical array as before in Equation 5.71. Recall that the acoustic pressure propagation model is

M

P(rsz) = 4 Ho(K(M)r)on(z)on(2) (5.87)

where p is the acoustic pressure, q is the source amplitude, @, is the m™ modal function at z and z, k,(m)
is the horizontal wavenumber associated with the m™" mode, r; is the source range, and Hy(k,r,) is the
zeroth-order Hankel function which provides the range solution. The localization problem solution
evolves from the measurement equation of the Gauss-Markov model where we can write the sampled
pressure field in terms of range-depth-dependent terms as

P(r2)) = % Bulrs 2)@na(z)) +V(2)) (5.88)
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For the two-dimensional localization problem, we can decompose the pressure measurement further as

M

P(rs2) = % Ym(r 2)80(rs 2)@na(2) +V(2)) (5.89)

m=1

where v, represents the known function and 6,,(r,, z,) the unknown function of position. Equating these
functions with {3, from Equation 5.88 we have

Ya(f,2) = ——1— (5.90)
J“Oqﬁ(z)dz
and
em(rsa Zs) = Ho(kr(m)rs)(pm(zs) (591)

an implicit, separable function of r, and z, which we will call the source range-depth function. With these
definitions in mind, it is now possible to define (simply) the MBL problem as the following:

GIVEN a set of noisy pressure-field and sound speed measurements, [{p(r, z,)}, {c(z,)}], and the
normal-mode model, FIND the best (minimum-error variance) estimate of the source position (r,,
z), that is, find ¥, and Z,.

In order to solve this problem, we must first estimate the “unknown” range-depth function 6,(r,, z,)
from the noisy pressure-field measurement model and then use numerical optimization techniques to
perform the localization (r,, z,). We discuss the MBP used to perform the required parameter estimation
in Section 5.4.4.2; here we concentrate on the localization problem and the related range-depth functions.

In the design of a localizer, we choose a non-linear least squares approach.%® Thus, the optimization
problem is to find the source position (r,, z;) that minimizes

1 2) = 1 3 (BT 2) ~Ho(K (M)r.)@n(2.))° (592)

Since we know from our previous analysis'® that a unique optimum does exist, we choose to use a
brute force, direct search method for our localizer primarily because it requires the minimal amount of
a priori information and should slowly converge to the global optimum. For an on-line application, more
rapidly convergent algorithms requiring a priori information (gradient and Hessian) should be investi-
gated,* but here we use an off-line search to investigate the feasibility of the MBL.

The “direct search” localization algorithm follows the polytope method of Nelder and Meade.5! At each
stage of iteration, N + 1 points, say, a, ..., 0. 1, are retained together with the function of these values,
that is,

a,:=(r,z,), J(a,), for n=12..N+1 (5.93)

where the functions are ordered such that
J(ansq) 2 d(ay) 2 ... 2)(ay) (5.94)
and constitute the vertices of the polytope in N space. At each iteration, a new polytope is generated,

producing a new point to replace the “worst” point a, , ; — the point with the largest function value.
If we define c(a) as the centroid of the best N vertices of ay, ..., ay given by
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c(a) =

z a, (5.95)

Zlr

then at the beginning of the n™ iteration a search or trial point is constructed by a single reflection
step using

o = c(a) + (c(a) —an. 1), (5.96)

where A, is the reflection coefficient (A, > 0). The function is evaluated at a,, giving J(a,) and yielding
three possibilities:

1. J(a,) £ J(a,) < J(ay) and, therefore, o, —» Oy .
2. J(a,) <J(a,)and a, — o, a new best point, since we are minimizing J. The direction A, is assumed
correct, and we then expand the polytope by defining

o, = c(a) +(a,—c(a))A, (5.97)

where A, is the expansion coefficient (A, > 1). If J(a,) < J(a,), 0, - Oy, Otherwise a, - oy, .
3. InJ(a,) > J(ay), the polytope is too large and we must “contract” it using

+(C(N+1_al)Ac for ‘](ar)ZJ(aN+1)

(5.98)
oy + (o, —0p)A, for J(a,) <J(apn.q)

[0y
o, = O
O

where A, is the contraction coefficient. If J(a,) < min{J(a,), J(0y . )}, then o, - Oy, ;.

Using the MATLAB Optimization Toolbox,%? we apply the polytope algorithm to the shallow water
experimental data discussed in Section 5.4.4.2. Before we discuss the details of the MBID, let us see how
the model-based approach is used to implement the localizer. From the cost function J(r,, z) of Equation
5.92, we see that we must have an estimate of the range-depth function, 6,.(r,, z,), and this is provided
by our MBID. However, we must also have estimates of the associated Hankel function, Hy(k,r,), and
the corresponding modal functions evaluated at the current iterate depth, z, as @,,(z,). The MBID
provides us with estimates of these modal functions {(Apml(z/)}, m=1,..., M, ¢=1,..., L at each sensor
location (in depth). Since the optimizer requires a finer mesh (in depth) than the modal function estimates
at each sensor to perform its search, we use the state-space forward propagator to generate the estimates
at a finer depth sampling interval

by

Az, :
p

pOl (5.99)
Thus, for a given value of “search” depth z,,, we find the closest available depths from the estimator (array
geometry) to bracket the target depth, z, _, < z, < z,, and use the lower bound z, _, to select the initial
condition vector for our propagator. We then forward propagate the modal function at the finer Az, to
obtain the desired estimate at @,,(z,).

Note that the propagator evolves simply by discretizing the differential equation using first differences

d - (p(zn) - (p(zn—l)
E(p(z) = —Azn (5100)

which leads to the corresponding state-space propagator given by’

0(z,) = [1-02,A@)9(z,1)  for  @z,1) = @(z,_1) (5.101)
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In this way, the state-space forward propagator is used to provide functional estimates to the non-
linear optimizer for localization, so we see that the MBID (Section 5.4.4.2) is designed to not only provide
estimates of the range-depth function, but also to provide enhanced estimates of the modal functions at
each required depth interation, that is,

{Bn(ro 20}, @ mi(z )} ] = [{@n(za)} ) (T 2)] (5.102)

From an estimation viewpoint, it is important to realize the ramifications of the output of the processor
and its relationship to the position estimates. The respective range-depth and modal estimates 6 and )
provided by the MBID are minimum-variance estimates (approximately). In the case of Gaussian noise,
they are, if fact, the maximum likelihood (maximum a posteriori) estimates and, therefore, the corre-
sponding maximum likelihood invariance theorem guarantees that the solutions for the (r, z,) are also
the maximum likelihood estimates of position.® This completes the description of the localizer. Next we
discuss how the range-depth and modal functions are estimated from noisy pressure-field measurements
by developing the MBID.

5.4.4.2 Model-Based Localization: Parametrically Adaptive Processor

Next we develop the adaptive parameter estimator or, more appropriately the MBID which provides the
basis of our eventual localizer design (see Figure 5.17). However, before we can provide a solution to the
localization problem, we must develop the identifier to extract the desired range-depth function of the
previous section as well as provide the necessary enhancement required for localization. From our
previous work, it is clear that the EKF identifier will satisfy these constraints nicely.2>182 It is also clear
from the localization discussion in Section 5.4.4.1 that we must estimate the vector source range-depth
function O(r,, z,) directly from the measured data as well as the required modal functions. The basic
approach we take, therefore, is to realize that at a given source depth the implicit range-depth function
is fixed; therefore, we can assume that 6(r,, z,) is a constant (é = 0) or a random walk with a discrete
Gauss-Markov representation given by

B(rs, z,) = 6(r, z, 1) + We(z,_4) (5.103)
Therefore, the underlying model for our ocean acoustic problem becomes the normal-mode propa-

gation model (in discrete form) with an augmented parameter space as discussed in Section 5.2 (ignoring
the noise sources):

/ Model-Based ldentifier \
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0120 2 R s | it o P |

Identifier

Nonlinear
Optimizer

terate

Sound Velocity| MBID

e )
|—> .
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FIGURE 5.17 MBL processor structure: (a) MBID and (b) optimizer.
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On1(Z)) = Ona(zZ,-1) + BZ,@0(2,_4)

Ona(2)) = _AziKzz(m)(pml(Zf—l) +@na(z,2),m=1,...,M
0:(r 2,) = 04(rz,_1) (5.104)

Oum(rs 2/) = Ou(rs z,-1)
and the corresponding measurement model is given by

M

p(rS! Zt’) = z ym(r! Zt’)em(rsv Z/)(pml(zf) + V(Z/) (5105)

We choose this general representation where the set {6,,(t,, z,)}, m = 1, ..., M is the unknown implicit
function of range and depth, while the parameters {y,(r, z,)} represent the known a priori information
that is included in the processor. The basic prediction estimates for the m®" mode from the MBID are

(’i)ml(zf‘zﬂ—l) = &’ml(zf—l‘zé—l)+AZ£€ﬂ'n2(Z€‘Z£—1)
(’me(Zf‘Zf—l) = _AzéKf(m)zpml(zé—l‘Zf—l) + (AﬂﬂZ(Zz—l\Zf—l): m=1..,M
Bu(r,, 2)z,4) = Bu(r,, Z,_4|2/4) (5.106)

Om(r,, 2)|z,.4) = Owm(r, Z,_1]2,.1)
and the corresponding innovations (parameterized by 0) are given by

M

€(z,,8) = p(rs,z,)— z Ym(r, Zs)ém(rs: Zf‘zé—l)zpml(zf‘zf—lv 0) (5.107)

m=1

with the vector correction equations

(AF’(Z(‘\Z/*) = (’b(zé‘zé‘—l) +Ky(z,)e(z,, 8)

R R (5.108)
0(rs, 2,]2,) = 6(ry, 2|2, _1) + Ke(z,)€(2,,8)
So we see (simply) how the unknown range-depth or scaled modal coefficient parameters are aug-
mented into the MBID algorithm to enhance the required signals and extract the desired parameters.
We summarize the detailed structure of the MBL incorporating the MBID in Figure 5.17.

5.4.4.3 Model-Based Localization: Application to Hudson Canyon Data

Again, we use the Hudson Canyon experimental data to analyze the localizer performance. Recall that a
23-element vertical array was deployed from the bottom with 2.5 m separation to measure the pressure
field and through spectral analysis the following average horizontal wave numbers; {0.28, 0.199, 0.183,
0.175, 0.142} m~ for the five modes supporting the water column from a 36 m deep, 50 Hz source at
0.5 km range (see References 43 to 45 for more details) resulted. Using SSPACK_PC,* a toolbox available
in MATLAB, we investigate the design using the experimental hydrophone measurements from the
Hudson Canyon. Here, we initialize the MBID with the average set of horizontal wave numbers as before.
The resulting estimates are quite reasonable, as shown in Figures 5.18 and 5.19. The results are better
than those reported previously for this data set (see Reference 24), primarily because we have allowed
the processor to dynamically adapt (parameter estimator) to the changing parameters. The results for
the higher order modes follow those predicted by the model as observed in Figure 5.19 and by the

©2001 CRC Press LLC



Mode No. 1 Error 1
20 } . -20 .
’é‘ Bounds
= —40 |} Estimate - —40 f -
5
[
o 60 f b -60 E
80 L ] -80 | -
0 0.02 0.04 -0.01 —-0.005 0 0.005 0.01
0 0
(b) Mode No. 2 Error 2
20 } E —20 E
’§ Estimate
g 0 i 40 | Bounds i
%
)
0 60 - —-60 -
-80 : -80 | :
-0.02 0 0.02 -0.01 -0.005 0 0.005 0.0
0 0
(@] Mode No. 3 Error 3
~—20 F ) -20 Bounds i
=3 Estimate
£ -40 | E —40 E
a
a
-60 F E -60 E
-80 -80
-0.01 0 0.01 0.02 —4 -2 0 2 4
x 108
0 0
d
@ Mode No. 4 Error 4
20 | -20 Bounds
g Estimate
5—40 o E -40 J
aQ
a
-60 F 1 —60 4
80 L . -80
—0.01 0 0.01 0.02 —4 -2 0 2 4
Amplitude Amplitude x 1078 [

FIGURE 5.18 MBID of the Hudson Canyon experiment (0.5 km): (a) mode 1 and error (0% out), (b) mode 2 and
error (0% out), (c) mode 3 and error (0% out), and (d) mode 4 and error (0% out).

corresponding estimation errors. The reconstructed pressure field and innovations are also quite reason-
able as shown in Figure 5.19 and indicate a “tuned” processor with its zero mean (1.0 x 10 < 2.6 x 10%)
and white innovations (~8.3% out and WSSR < 1). The final parameter estimates with predicted error
statistics for this data are also included in Table 5.6 for comparison to the simulation. We see again that
the MBID appears to perform better than the fixed MBP simply because the range-depth parameters or
scaled modal coefficients are “adaptively” estimated on-line, providing a superior fit to the raw data as
long as we have reasonable estimates to initialize the processor. This completes the discussion on the
design of the MBID. Next we take these intermediate results and apply the non-linear optimizer Section
5.4.4.2 to obtain a solution to the localization problem as depicted in Figure 5.17.

Next we consider the application of the MBL to the experimental Hudson Canyon data sets. Here, we
use the MBID to provide estimates of [{8,,(r,, z)} {®,.(z,)}]. And then use the polytope search algorithm
along with the state-space propagator of Equation 5.101 to provide the localization (Equations 5.93 to
9.96) discussed previously. We applied the optimizer to the resulting range-depth parameters estimated
by the MBID. The results of the localization are shown in Figure 5.20. Here, we see the range-depth
parameter estimates from the MBID, the true values from the simulator, and the estimates developed by
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FIGURE 5.19 MBID of the Hudson Canyon experiment (0.5 km): (a) mode 5 and error (0% out), (b) pressure field
and innovation (0-0% out), and (c) whiteness test and WSSR (8.3% out).

TABLE 5.6  MBID: Range-Depth Parameter Estimation

Hudson Canyon Experiment

Model Simulation Experiment
Wave Numbers Prediction Est./Err. Est./Err.
0, 1.000 1.014 £ 0.235 1.015 £ 0.362
0, 0.673 0.701 + 0.238 0.680 + 0.364
6, 0.163 0.127 £ 0.430 0.163 + 0.393
0, 0.166 0.138 + 0.476 0.166 + 0.393
6 0.115 0.141 + 0.463 0.116 + 0.364

the optimizer given, respectively, by the +, x, o, characters on the plots. The corresponding mean-squared
errors are also shown, indicating the convergence of the optimizer after about 30 iterations as well as the
actual range-depth search (position iterates) with the true (500 m, 36 m) and estimated (500.2 m, 35.7
m) position estimates shown. The algorithm converges quite readily. It appears that the MBL is able to
perform quite well over this data set.

To understand why we can achieve this quality of localization performance, we observe that the effect
of the MBID is to enhance these noisy measurements, enabling the optimizer to converge to the correct
position. The parametrically adaptive MBID enhancement capability is clear from Figures 5.18 and 5.19.
The effect of the MBID leads very closely to the true depth function estimate, since the modal function
estimates are quite good. Thus, we can think of the MBID as providing the necessary enhancements in
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FIGURE 5.20 Hudson Canyon experiment localization: (a) estimated range-depth parameters, (b) mean-squared
error, and (c) localization: true and estimated (500.2 m, 35.7 m).

SNR as well as decreasing the dimensionality of the search space to that of the modal space by using the
estimated range-depth functions from the MBID as the “raw” measurement data input (along with the
modal estimates) to the polytope optimizer.

In summary, we have developed an on-line, parametrically adaptive, model-based solution to the
localization problem, that is, a source position location estimation scheme based on coupling the normal-
mode propagation model to a functional model of position. The algorithm employed was the non-linear
EKF identifier/parameter estimator coupled to a direct search optimizer using the polytope approach.
We showed that the MBL evolves quite naturally from the MBID. Thus, the results of applying the MBL
scheme to the raw experimental data from the Hudson Canyon experiment were quite good.

5.4.5 Ocean Acoustic Application: Model-Based Towed Array Processor

In this section, we discuss the final application of model-based processing techniques to the development
of a processor capable of estimating the bearing of a fixed source from data acquired from a towed array.
The signal and measurement systems are placed into state-space form, thereby allowing the unknown
parameters of the model, such as multiple source bearings, to be estimated by an adaptive MBID. It is
shown that the method outperforms the conventional beamforming approach by providing a continu-
ously time coherent process that avoids the need for spatial and temporal discrete Fourier transforms. A
major advantage of the method is that there is no inherent limitation to the degree of sophistication of
the models used, and therefore, it can deal with other than plane wave models, such as cylindrically or
spherically spreading propagation models as well as more sophisticated representations such as the normal
mode and the parabolic equation propagation models.

Here, we consider a simple plane wave propagation model (developed in Section 5.2) and apply it to the
problem of multiple source bearing estimation. We will see that this multichannel, adaptive approach casts
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the bearing estimation problem into a rather general form that eliminates the need for an explicit beam-
former, while evolving into a passive synthetic aperture (PASA) structure in a natural way.®*-% In model-
based array processing,® it will become apparent that PASA forms a natural framework in which to view
this approach, since it is a time-evolving spatial process involving a moving array. The issue of the motion
is an important one, since, as shown by Edelson,® the Cramer-Rao lower bound (CRLB) on the bearing
estimate for a moving line array is less than that for the same physical array when not moving. In particular,
the ratio of the CRLB for the moving array to that for the stationary array, which we denote by R, is given by

1

R = CRLBuoying” CRLBiiyeq = .
1+(3/2)(D/L) +(D/L)

(5.109)

Here, D is the “dynamic aperture,” that is, the speed of motion of the array times the total time, and L
is the length of the physical aperture. As can be seen from this relation, there is potential for a highly
significant improvement in performance since R dramatically decreases as D increases.

5.4.5.1 Model-Based Towed Array Processor: Adaptive Processing

Next we develop the model-based solution to the space-time array processing problem by developing a
general form of the MBP design with various sets of unknown parameters. We define the acoustic array
space-time processing problem as the following:

GIVEN a set of noisy pressure-field measurements and a horizontal array of L sensors, FIND the
best (minimum error variance) estimate of source bearings, temporal frequencies, amplitudes, and
array speed.

We use the following non-linear pressure-field measurement model for M monochromatic plane wave
sources. We will characterize each of the sources by a corresponding set of temporal frequencies, bearings,
and amplitudes, [{w,}, {6}, {0 }]. That is,

M . .
p(x, tk) _ z ae @t —B(t)sinb, + I’l(tk) (5110)
m=1
where
B(t) = Ko(x, +Vty) (5.111)

and k, = (2rtyA, x is the current spatial position along the x-axis in meters, v is the array speed (m/sec), and
n is additive random noise. The inclusion of the motion in the generalized wave number, 3, is critical to the
improvement of the processing, since the synthetic aperture effect is actually created through the motion.

If we further assume that the single sensor Equation 5.110 is expanded to include an array of L sensors,
then x - x,, /=1, ..., L, and we obtain

M - .
p(Xp, tk) - Z amelwmlkiﬁ(tk)slnem + n[(tk) (5112)
m=1
This expression can be written in a more concise form as
p(t) = c(t, ©) +n(ty) (5.113)

where the vector © represents the parameters of the plane wave sources and

p(tk) = [p(xl1 tk)p(x21 tk)v ey p(XU tk)]T (5114)
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Since we model these parameters as constants, then the augmented Gauss-Markov state-space model
evolves as

o(t) B(t_1)

o(t)| = |w(t_q)| +W(tc-1) (5.115)

a(ty) a(t_q)

where 0:=1[6, ... 6], w:=[w, ... W] a:=[a; ... ay]", and w is a zero-mean, Gaussian random vector
with covariance R,
Defining the composite parameter vector © as

0:=| o (5.116)

for © O R3M, the following augmented state prediction equation evolves for our adaptive MBP:
O(ti[t—1) = O(t_|ti_1) + Atew(t _,) (5.117)

with the associated measurement equation.

Since the state-space model is linear with no explicit dynamics, the prediction relations are greatly
simplified while the correction equations become non-linear due to the plane wave measurement model.
This leads to the EKF solution, wherein the non-linearities are approximated with a first-order Taylor
series expansion. Here, we require the measurement Jacobian,

C(t,, ©) := ‘% (5.118)

an L x 3M matrix. We simplify the notation by defining the following time-varying coefficient,

a,(t) = ameiwmt" (5.119)
then the m™ plane wave source measured by the ¢t pressure-field sensor is simply given by
. iB,(t)sing,
pi(t) =y am(tde T (5.120)
m=1

Given Equations 5.116, 5.118, and 5.119, we are now in a position to compute a recursive (predic-
tor/corrector form) EKF estimate of the state vector ©. The steps of the algorithm based on Table 5.2
are as follows:

1. Given an initial or trial value of the state estimate, ©(t,_, |t,_,), the parameter prediction equation
is used to predict the value of O(tt,_,). This constitutes a prediction of the state vector for t =
t, based on the data up to t = t, _, as shown in Equation 5.117.
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2. The innovation, £(t,), is then computed as the difference between the new measurement taken at
t = t, and the predicted measurement obtained by substituting ©(t|t, _,) into the measurement
equation, that is,

e(t) = p(t) —P(t|t—1) = p(t) —c(ty 0) (5.121)

3. Next, the Kalman gain or weight, K(t,), is computed (see Table 5.2).
4. The Kalman gain is then used in the correction stage, producing ©(t|t,), the corrected estimate
from

Ott) = O(t|t_1) + K(t)e(t) = p(t) —c(t, ©) (5.122)

5. This corrected estimate is then substitute into the right-hand side of the prediction equation,
thereby initiating the next iteration.

This completes the discussion of the adaptive model-based array processor. Next we present some
examples based on synthesized data.

5.4.6 Model-Based Towed Array Processor: Application to Synthetic Data

Here, we will evaluate the performance of the adaptive MBP to synthesized data assuming that there are
two plane wave sources. Then, we will assume that the two sources are both operating at the same
frequency. Although, in principle, the speed of the array’s motion, v, is observable, sensitivity calculations
have shown that the algorithm is sufficiently insensitive to small variations in v to the extent that measured
ship speed will suffice as an input value. Finally, we will reduce the number of amplitude parameters,
{a,}, m=1,2, ..., M, from two to one by rewriting Equation 5.119 as

iyt

B, (t,) sing, e—iB;(tk)sinez

[e +9d
Here, 0 = a,/a; and w, = w, = w,. The parameter a;, appearing outside the square brackets can be
considered to be a data scaling parameter. Consequently, we have four parameters to deal with so that
our measurement equation becomes

P(X, L) = a.e 1 +n.(t) (5.123)

it +B,(t,)sin®; oyt +B,(t,)sind,

p(x,t) = e + de +n,(t) (5.124)
and Equation 5.115 simplifies to
_ o, -
0,
O=|""7 (5.125)
Wo
L 6 -

We now have all the necessary equations to implement the predictor/corrector form of the Kalman
filter algorithm. The calculations are carried out in MATLAB using the SSPACK_PC Toolbox.*

In all of the following examples, we assume that the two sources are radiating narrowband energy at
a frequency of 50 Hz. The true values of the two bearings, 6, and 6,, are 45° and —10°, respectively. The
true amplitude ratio & is 2. The corresponding initial values for 8,, 8, f, = w,/21, and d are 43°, —-8°,
50.1 Hz, and 2.5, respectively.
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FIGURE 5.21 Case 1: four-element array at 0 dB SNR: (a) two source bearing estimates, (b) temporal frequency
estimate, and (c) source amplitude ratio.

Case 1. The number of hydrophones is four, the array’s speed of motion is 5 m/sec, and the SNR on
the unit amplitude hydrophone is 0 dB. Since the duration of the signal is 27 sec, the array traces
out an aperture of 6\, a factor of four increase over the 1.5\ physical aperture. The parameters
being estimated are 6,, 6,, f, = wy/211, and d. The results are shown in Figure 5.21.

Case 2. This is the same as Case 1 except that the number of hydrophones has been increased to eight.
As can be seen in Figure 5.22, as would be expected, the quality of the estimates is significantly
improved over the four-hydrophone case.

Case 3. This example is the same as Case 2 except that the speed v is set to zero. From the values of
the corresponding predicted variances in Table 5.7, it is clear that the performance has degraded
with respect to the v =5 m/sec case as shown in Figure 5.23.

The predicted variances of the estimates for our method are given in Table 5.7, where it is seen that,
for the eight-hydrophone moving array v = 5 m/sec, the variance on the estimate of 8,, that is, the bearing
associated with the signal with SNR = 0 dB, is 2.5 x 10-° deg?, whereas for the v = 0 case the predicted

TABLE 5.7 Predicted Variances of the Three

Test Cases
Towed Array Synthesis Experiment
Case Bearing Variance ~ Bearing Variance
Number (6,) (deg?): (6,) (deg?
1 7.5 x10°° 24.0 x 10°®
2 25x10° 6.0 x 10°°
3 14.0 x 105 33.0 x 10-°

Note: In all cases, the initial values of the parameters,
6,, 8,, f,, and d are 42°,-8°, and 50.1 Hz, respectively.
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variance increases to 14.0 x 10-° deg? This is an improvement of approximately a factor of five in the
moving array case over that where the array is stationary. Standard acoustic array bearing estimators
(beamformers) do not take advantage of the motion of the array and, therefore, cannot comprise efficient
estimators of the source bearing(s). A popular form of bearing estimator is the so-called k — w beamformer
wherein the beamformer takes the form of a discrete spatial Fourier transform. However, this introduces
a limit on the bearing accuracy, since the finite bin size of the spatial transform limits the bearing
resolution, unless the size of the transform can somehow be increased in an adaptive manner. A further
issue is that most conventional beamformers are based on a time domain fast Fourier transform (FFT),
which results in the incoherent concatenation of a sequence of coherent processes, whereas our model-
based algorithm provides a continuous coherent process in the time domain.

A model-based approach to space-time acoustic array processing has been presented. By explicitly
including the motion of the array in the signal model, improved bearing estimation and resolution
performance is obtained. The technique is shown to be equivalent to a passive synthetic aperture processor
which allows the motion of the array to effectively increase its useful aperture, thereby providing all of
the associated improvement in performance. The advantage of this approach is that there is essentially
no limit to the degree of sophistication allowed for the particular models chosen for the processor. In
this work, we have chosen the signal model to be a sum of plane waves. However, the method can easily
be generalized to more general models such as signals with spherical or cylindrical wavefronts which, for
example, would permit a wavefront curvature ranging scheme to be implemented that could exploit the
large apertures available.

A unique aspect of this processor is that it performs bearing estimation without the necessity of
introducing an explicit beamformer structure. The advantage of this is that all of the limitations of
standard beamformers, such as finite beam bin sizes, limited time domain coherence due to time domain
FFT processing, and the limitation imposed by a predetermined number of beams, are avoided. A further
advantage of our MBP is that the innovations sequence provided by the Kalman estimator carries
information regarding the performance of the model. Although we have not exploited this in this work,
there remains the potential of using this information to monitor and update the model on-line. Thus,
deviations from plane wave signals and distortions due to array motion could, in principle, be compen-
sated for in a self-consistent manner. This completes the application.

5.5 Summary

In this chapter, we have described the model-based approach to ocean acoustic signal processing. This
approach offers a mechanism to incorporate any a priori knowledge or historical information into the
processor to extract and enhance the desired information. This a priori information is usually in the
form of mathematical models which describe the propagation, measurement, and noise processes. The
application of the resulting MBP in various forms has led to some very enlightening applications.

The MBP and its variants were discussed briefly in Section 5.2 where a simple plane wave source
example was synthesized to illuminate the concepts. It was discussed how various forms of the underlying
Gauss-Markov models evolve based on the particular form of the problem under investigation. Linear
problems were solved with the standard, linear Kalman filter algorithm for the stationary data case, while
time- or space-varying structures led to the non-stationary case which could also be handled by the linear
algorithm. When an adaptive form for the ocean acoustic problem had to be developed due the changing
nature of the hostile ocean environment, then the non-linear processor evolved in the form of the
extended Kalman algorithm and its parametrically adaptive form, performing jointly both state and
parameter estimation.

In Section 5.3, the normal-mode propagation model was developed and placed in state-space form
for both range and depth. These synthesizers were termed “forward propagators” due to their similarity
to the marching method used in solving boundary value problems. The extension of these representations
to include uncertainty and noise led finally to the Gauss-Markov model which is the underlying basis of
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the Kalman solutions to the optimal estimation problem. Here, these results provided the underlying
basis for model-based signal processing in the ocean.

In Section 5.4, several ocean acoustic applications were discussed based on a set of ocean acoustic data
obtained from the Hudson Canyon experiments performed in 1988. This data set represents a well-
known, well-defined region which has extensively been modeled and used in many algorithm applications.
We posed, solved, and demonstrated the results for model-based adaptive signal enhancement, model-
based inversion, model-based localization, and model-based space-time processing.

In summary, we re-emphasize several points regarding the advantages of MBP. First, it enhances the
SNR of the signals of interest. This, in itself, is of major importance and does not seem to be generally
recognized. Second, it basically solves the so-called mismatch problem that plagues MFP without desen-
sitizing the performance, but, indeed, improving it. Third, since it is recursive, it can easily deal with
adaptive and non-stationary problems, as demonstrated in all of oceanic applications. Last, the MBP is
capable of monitoring its own performance, thus providing information on the fidelity of the models
employed.
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Abbreviations and Symbols

()
A(f)
BW
B(f, 6,

b(th es)

b(fi, 6, @)

B(f. 6, @)

Complex conjugate transpose operator

Power spectral density of signal s(t;)

Signal bandwidth

Beamforming plane wave response in frequency domain for a line array steered at azimuth
angle 6, and expressed by B(f, 8,)) = D (f, 6,)X(f)

Beam time series of a conventional or adaptive plane wave beamformer of a line array
steered at azimuth angle 6,and expressed by b(t;, 6, @) = IFFT{B(f;, 6, @)}

Beam time series for conventional or adaptive plane wave beamformers of a multi-
dimensional array steered at azimuth angle 6,and elevation angle ¢,

Plane wave response in frequency domain for a line array steered at azimuth angle 8;and
elevation angle @, expressed by B(f;, 8, @) = D (f, 6, @)W (6,)X(f)
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CFAR

o1 ©

Constant false alarm rate

Signal blocking matrix in GSC adaptive algorithm
Continuous wave; narrowband pulse signal

Speed of sound in the underwater sea environment
Sensor spacing for a line array receiver

Onm = (n — m)d Sensor spacing between the nt" and mt" sensors of a line array

Ked

D(f, ©)

D(f, 8, @)

g
E{..}

ETAM

¢]

6, = 2rm/M
f
f

S

FM
¢
GSC
G
HFM

NLMS

Denotes distance between each ring along z-axis of a cylindrical array receiver

Steering vector for a line array having its nt" term for the plane wave arrival with angle

6 being expressed by d,(f, 8) = exp[jZn(l_Tl)fsTn(G)}

Steering vector for a circular array with the n™ term being expressed by d.(f, 6, @) =
exp(j2rfRsin@,cos(6, — 6,)/c)

Noise vector component with n th element g, (t;) for sensor outputs (i.e., X = s +&)
Expectation operator

Extended towed array measurements

Azimuth angle of plane wave arrival with respect to a line or multi-dimensional array
Angular location of the mt sensor of a M sensor circular array, withm=0,1, ..., M -1
Frequency in hertz (Hz)

Sampling frequency

Frequency modulated active pulse

Elevation angle of plane wave arrival with respect to a multi-dimensional array
Generalized sidelobe canceller

Total number of sub-apertures for sub-aperture adaptive beamforming,g=1,2, ...,G
Hyperbolic frequency modulated pulse

Index of time samples of sensor time series, {X,(t), i =1,2, ..., M}

Unit matrix

Wavenumber parameter

Iteration number of adaptation process

Wavelength of acoustic signal with frequency f, where ¢ = fA

Size of line array expressed by L = (N — 1)&

Linearly constrained minimum variance beamformers

Minimum variance distortionless response

M is the number of sensors in a circular array

M, is the number of temporal samples of a sensor time series

Convergence controlling parameter or “step size” for the NLMS algorithm

Number of sensors of a multi-dimensional array that can be decomposed into circular
and line array beamformers, where N is the number of circular rings and M is the number
of sensors in each ring

Number of sensors in a line array receiver, where {x,(t;), n =1, 2, ..., N}, or number of
rings in a cylindrical array

Normalized least mean square
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R(f)
Pom(f, Onm)
S

S

S(f, 9)

STCM
STMV
SVD

o2(f)

o

X, (f)

X, (f, 6)
Xo(t, T,(6))
X2(f)

7,(6, ¢)

TL
T(8)

W(6)
WI’, m

w
Z(f,,8))

Z(f;, ©)

Index for space samples of line array sensor time series {x,(t) ,n =12, ...,.N }

Beam power pattern in the frequency domain for a line array steered at azimuth angle
6, and expressed by P(f, 6,) = B(f, 6,) x BHf, 6,)

3.14159

Index for the r" ring of a cylindrical or spherical array of sensors

Radius of a receiving circular array

Spatial correlation matrix with elements R,.(f, d,) for received sensor time series
Cross-correlation coefficients given from p,.(f, d.) = Ron(f, di)/ X )

Signal vector whose n™ element is expressed by s,(t;) = s.[t; + 1,(0)]

Spatial correlation matrix for the plane wave signal s,(t;)

Spatial correlation matrix for the plane wave signal in the frequency domain; it has as its
nth row and mth column defined by, S,..(f, 6) = A(f)d,(f, 6)dy, (£, 6)

Steered covariance matrix

Steered minimum variance

Singular value decomposition method

Power spectral density of noise, €,(t;)

Row vector of received N sensor time series {x,(t),n =1, 2, ..., N}
Fourier transform of x,(t;)

Pre-steered sensor time series in frequency domain

Pre-steered sensor time series in the time domain

Mean acoustic intensity of sensor time sequences at frequency bin f

Time delay between (n — 1)t and n™ sensor of a multi-dimensional array for incoming
plane waves with direction of propagation of azimuth angle 8 and elevation angle @

Propagation loss for the range separating the source (reflected signals) and the array

Time delay between the first and the nt sensor of the line array for an incoming plane
wave with direction of propagation 6

Diagonal matrix with the off diagonal terms being zero and the diagonal terms being the
weights of a spatial window to reduce the sidelobe structure of a circular array beam-
former

The (r, m)™ term of a 3-D spatial window of a multi-dimensional plane wave beamformer
Frequency in radians/second

Result of the signal blocking matrix C of the GSC adaptive line array beamformer being
applied to pre-steered sensor time series X(f;, ©,)

Line array adaptive beamforming weights or solution to the constrained minimization
problem that allows signals from the look direction 0 to pass with a specified gain

6.1 Introduction

The aim of this chapter is to bring together some of the recent theoretical developments on beamformers
and to provide suggestions of how modern technology can be applied to the development of current and
next-generation ultrasound systems and integrated active and passive sonars. It will focus on the devel-
opment of an advanced beamforming structure that allows the implementation of adaptive and synthetic
aperture signal processing techniques in ultrasound systems and integrated active-passive sonars deploy-
ing multi-dimensional arrays of sensors.
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The concept of implementing successfully adaptive schemes in 2-dimensional (2-D) and 3-dimensional
(3-D) arrays of sensors, such as planar, circular, cylindrical, and spherical arrays, is similar to that of line
arrays. In particular, the basic step is to minimize the number of degrees of freedom associated with the
adaptation process. The material of this chapter is focused on the definition of a generic beamforming
structure that decomposes the beamforming process of 2-D and 3-D sensor arrays into subsets of coherent
processes. The approach is to fractionate the computationally intensive multi-dimensional beamformer
into two simple modules: linear and circular array beamformers. As a result of the decomposition process,
application of spatial shading to reduce the sidelobe structures can now be easily incorporated in 2-D
and 3-D beamformers of real-time ultrasound, sonar, and radar systems that include arrays with hundreds
of sensors. Then the next step is to define a generic sub-aperture scheme for 2-D and 3-D sensor arrays.
The multi-dimensional generic sub-aperture structure leads to minimization of the associated conver-
gence period and makes the implementation of adaptive schemes with near-instantaneous convergence
practically feasible.

The reported real data results show that the adaptive processing schemes provide improvements in
array gain for signals embedded in a partially correlated noise field. For ultrasound medical imaging
systems, practically realizable angular resolution improvements have been quantitatively assessed to be
equivalent with those provided by the conventional beamformer of a three-time longer physical aperture
and for broadband frequency modulation (FM) and CW type of active pulses. The same set of results
also demonstrate that the combined implementation of a synthetic aperture and the sub-aperture adaptive
scheme suppresses significantly the sidelobe structure of CW pulses for medical imaging applications.
In summary, the reported development of the generic, multi-dimensional beamforming structure has
the capability to include several algorithms (adaptive, synthetic aperture, conventional beamfomers,
matched filters, and spectral analyzers) working in synergism.

Section 6.2 presents very briefly a few issues of space-time signal processing related to detection and sources’
parameters estimation procedures. Section 6.3 introduces advanced beamforming processing schemes and
the practical issues associated with their implementation in systems deploying multi-dimensional receiving
arrays. Our intent here is not to be exhaustive, but only to be illustrative of how the receiving array, the
underwater or human body medium, and the subsequent signal processing influence the performance of
systems of interest. Issues of practical importance related to system-oriented applications are also addressed,
and generic approaches are suggested that could be considered for the development of next-generation
array signal processing concepts. Then, these generic approaches are applied to the central problem that
the ultrasound and sonar systems deal with — detection and estimation.

Section 6.6 introduces the development of a realizable generic processing scheme that allows the
implementation and testing of adaptive processing techniques in a wide spectrum of real-time systems.
The computing architecture requirements for future ultrasound and sonar systems are addressed in the
same section. It identifies the matrix operations associated with high-resolution and adaptive signal
processing and discusses their numerical stability and implementation requirements. The mapping onto
signal processors of matrix operations includes specific topics such as QR decomposition, Cholesky
factorization, and singular value decomposition for solving least-squares and eigensystem problems.12°
Schematic diagrams also illustrate the mapping of the signal processing flow for the advanced beam-
formers in real-time computing architectures. Finally, a concept demonstration of the above develop-
ments is presented in Section 6.7, which provides real and synthetic data outputs from an advanced
beamforming structure incorporating adaptive and synthetic aperture beamformers.

6.2 Background

In general, the mainstream conventional signal processing of current sonar and ultrasound systems
consists of a selection of temporal and spatial processing algorithms.2-® These algorithms are designed
to increase the signal-to-noise ratio for improved signal delectability while simultaneously providing
parameter estimates such as frequency, time delay, Doppler, and bearing for incorporation into localiza-
tion, classification, and signal tracking algorithms. Their implementation in real-time systems has been
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directed at providing high-quality, artifact-free conventional beamformers currently used in operational
ultrasound and sonar systems. However, aberration effects associated with ultrasound system operations
and the drastic changes in the target acoustic signatures associated with sonars suggest that fundamentally
new concepts need to be introduced into the signal processing structure of next-generation ultrasound
and sonar systems.

To provide a context for the material contained in this chapter, it would seem appropriate to review
briefly the basic requirements of high-performance sonar systems deploying multi-dimensional arrays
of sensors. Figure 6.1 shows one possible high-level view of a generic warfare sonar system. The upper
part of Figure 6.1 presents typical sonar mine-hunting operations carried out by naval platforms (i.e.,
surface vessels). The lower left-hand side of Figure 6.1 provides a schematic representation of the coor-
dinate system for a hull-mounted cylindrical array of an active sonar.”® The lower right-hand side of
Figure 6.1 provides a schematic representation of the coordinate system for a variable depth active sonar
deploying a spherical array of sensors for mine warfare operations.® In particular, it is assumed that the
sensors form a cylindrical or spherical array that allows for beam steering across 0 to 360° in azimuth
and a 180° angular searching sector in elevation along the vertical axis of the coordinate system.

\&\\‘._: o
Mines
r=0
r=1
s
X r=0 :
0 =1 ' X
s —4 = 0
* r=N-1
5 -
r=N-1 (Ds
Y Z
M X
Beam Pattern of Active Sonar Beam Pattern of Active Sonar
Deploying Cylindrical Array Deploying Spherical Array

FIGURE 6.1 Mine warefare sonar operations (top). Schematic representation of the coordinate system for a hull
mounted cylindrical array of an active sonar (bottom left). Schematic representation of the coordinate system for a
variable depth spherical array of an active sonar (bottom right).
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FIGURE 6.2 Angular resolution performance in terms of azimuth and elevation beam steering and the effects of
a beamformer’s sidelobe structure for mine warfare sonar operations.

Thus, for effective sonar operations, the beam width and the sidelobe structure of the beam steering
patterns (shown in the lower part of Figure 6.1 for a given azimuth 6, and elevation @, beam steering)
should be very small to allow for high image and spatial resolution of detected mines that are in close
proximity with other objects. More specifically, the beam steering pattern characteristics of a mine-
hunting sonar define its performance in terms of image and spatial resolution characteristics, as shown
schematically in Figure 6.2. For a given angular resolution in azimuth and elevation, shown schematically
in the upper left-hand corner of Figure 6.2, a mine-hunting sonar would not be able to distinguish
detected objects and mines that are closer than the angular resolution performance limits. Moreover, the
beam steering sidelobe structure would affect the image resolution performance of the system, as depicted
in the lower part of Figure 6.2. Thus, for a high-performance sonar, it is desirable that the system should
provide the highest possible angular resolution in azimuth and elevation as well as the lowest possible
levels of sidelobe structures, properties that are defined by the aperture size of the receiving array. The
above arguments are equally valid for ultrasound system operations since the beamforming process for
ultrasound imaging assumes plane wave arrivals.
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Because the increased angular resolution means longer sensor arrays with consequent technical and
operational implications, many attempts have been made to increase the effective array length by
synthesizing additional sensors (i.e., synthetic aperture processing):®!-16 or using adaptive beam
processing techniques.!-517-24

In previous studies, the impact and merits of these techniques have been assessed for towed array*#510-20
and cylindrical array hull-mounted?47.2526 sonars and contrasted with those obtained using the conven-
tional beamformer. The present material extends previous investigations and further assesses the perfor-
mance characteristics of ultrasound and sonar systems that are assumed to include adaptive processing
schemes integrated with a plane wave conventional beamforming structure.

6.3 Theoretical Remarks

Sonar operations can be carried out by a wide variety of naval platforms, as shown in Figure 6.1. This
includes surface vessels, submarines, and airborne systems such as airplanes and helicopters. Shown also
in Figure 6.1 is a schematic representation of active and passive sonar operations in an underwater sea
environment. Active sonar and ultrasound operations involve the transmission of well-defined acoustic
signals, called replicas, which illuminate targets in an underwater sea or human body medium, respec-
tively. The reflected acoustic energy from a target or body organ provides the array receiver with a basis
for detection and estimation. Passive sonar operations base their detection and estimation on acoustic
sounds, which emanate from submarines and ships. Thus, in passive systems, only the receiving sensor
array is under the control of the sonar operators. In this case, major limitations in detection and
classification result from imprecise knowledge of the characteristics of the target radiated acoustic sounds.

The passive sonar concept can be made clearer by comparing sonar systems with radars, which are
always active. Another major difference between the two systems arises from the fact that sonar system
performance is more affected than that of radar systems by the underwater medium propagation char-
acteristics. All these issues have been discussed in several review articles’-® that form a good basis for
interested readers to become familiar with “mainstream” sonar signal processing developments. There-
fore, discussions of issues of conventional sonar signal processing, detection, estimation, and influence
of medium on sonar system performance are beyond the scope of this chapter. Only a very brief overview
of these issues will be highlighted in this section in order to define the basic terminology required for
the presentation of the main theme of this chapter. Let us start with a basic system model that reflects
the interrelationships between the target, the underwater sea environment or the human body (medium),
and the receiving sensor array of a sonar or an ultrasound system.

A schematic diagram of this basic system is shown in Figure 6.3, where array signal processing is shown
to be two dimensional®®1%1218 in the sense that it involves both temporal and spatial spectral analysis.
The temporal processing provides spectral characteristics that are used for target classification, and the
spatial processing provides estimates of the directional characteristics, (i.e., bearing and possibly range)
of a detected signal. Thus, space-time processing is the fundamental processing concept in sonar and
ultrasound systems, and it will be the subject of discussion in the next section.

6.3.1 Space-Time Processing

For geometrical simplicity and without any loss of generality, we consider here a combination of N equally
spaced acoustic transducers in a linear array, which may form a towed or hull-mounted array system
that can be used to estimate the directional properties of echoes and acoustic signals. As shown in Figure
6.3, a direct analogy between sampling in space and sampling in time is a natural extension of the
sampling theory in space-time signal representation, and this type of space-time sampling is the basis in
array design that provides a description of an array system response. When the sensors are arbitrarily
distributed, each element will have an added degree of freedom, which is its position along the axis of
the array. This is analogous to non-uniform temporal sampling of a signal. In this chapter we extend
our discussion to multi-dimensional array systems.
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FIGURE 6.3 A model of space-time signal processing. It shows that ultrasound and sonar signal processing is two
dimensional in the sense that it involves both temporal and spatial spectral analysis. The temporal processing provides
characteristics for target classification, and the spatial processing provides estimates of the directional characteristics
(bearing, range depth) of detected echoes (active case) or signals of interest (passive case). (Reprinted by permission
of IEEE ©1998.)

Sources of sound that are of interest in sonar and ultrasound system applications are harmonic
narrowband, and broadband, and these sources satisfy the wave equation.?1° Furthermore, their solutions
have the property that their associated temporal-spatial characteristics are separable.’® Therefore, mea-
surements of the pressure field z(r, t), which is excited by acoustic source signals, provide the spatial-
temporal output response, designated by x(F, t), of the measurement system. The vector t refers to the
source-sensor relative position, and t is the time. The output response x(F, t) is the convolution of z(F, t)
with the line array system response h(r, t) ;10

x(r,t) = z(f, t) O h(F, t) (6.1)

where [ refers to convolution. Since z(F, t) is defined at the input of the receiver, it is the convolution
of the source’s characteristics y(r, t) with the underwater medium’s response W(r,t),

z(r, t) = y(r, t) O W(F,1). (6.2)
Fourier transformation of Equation 6.1 provides
X(w, k) = {Y(w, k) ¥(w, K} H(w, k), (6.3)

where w, k are the frequency and wavenumber parameters of the temporal and spatial spectrums of
the transform functions in Equations 6.1 and 6.2. Signal processing, in terms of beamforming oper-
ations, of the receiver’s output, x(r, t), provides estimates of the source bearing and possibly of the
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source range. This is a well-understood concept of the forward problem, which is concerned with
determining the parameters of the received signal x(f, t), given that we have information about the
other two functions z(f,t) and h(r, t).> The inverse problem is concerned with determining the
parameters of the impulse response of the medium W(r, t) by extracting information from the received
signal x(f, t), assuming that the function x(f,t) is known.> The ultrasound and sonar problems,
however, are quite complex and include both forward and inverse problem operations. In particular,
detection, estimation, and tracking-localization processes of sonar and ultrasound systems are typical
examples of the forward problem, while target classification for passive-active sonars and diagnostic
ultrasound imaging are typical examples of the inverse problem. In general, the inverse problem is a
computationally costly operation, and typical examples in acoustic signal processing are seismic
deconvolution and acoustic tomography.

6.3.2 Definition of Basic Parameters

This section outlines the context in which the sonar or the ultrasound problem can be viewed in terms of
simple models of acoustic signals and noise fields. The signal processing concepts that are discussed in this
chapter have been included in sonar and radar investigations with sensor arrays having circular, planar,
cylindrical, and spherical geometric configurations.”?52.28 Thus, we consider a multi-dimensional array of
equally spaced sensors with spacing . The output of the nth sensor is a time series denoted by x,(t;) , where
(i=1,..., M) are the time samples for each sensor time series. LJdenotes complex conjugate transposition
so that X is the row vector of the received [ sensor time series {x.(t) ,n=1,2, ..., O}

Then x,(t;) = s,(t;) + €,(t), where s,(t;) and g,(t,) are the signal and noise components in the received
sensor time series. S and & denote the column vectors of the signal and noise components of the vector X
of the sensor outputs (i.e., X =S +E€).

MS

Xq(f) = ZXn(ti)eXp(—J'ZTffti) (6.4)

is the Fourier transform of x,(t;) at the signal with frequency f, ¢ = fA is the speed of sound in the
underwater or human-body medium, and A is the wavelength of the frequency f. S=E{S S }is the spatial
correlation matrix of the signal vector S, whose nt element is expressed by

sn(t)) = salti+ 1a(8, @)1, (6.5)

E{...} denotes expectation, and 1,(6, @) is the time delay between the (n — 1)t and the n* sensor of the
array for an incoming plane wave with direction of propagation of azimuth angle 8 and an elevation
angle @, as depicted in Figure 6.3. In frequency domain, the spatial correlation matrix S for the plane
wave signal s,(t;) is defined by

S(f;, 8, @) = A(f)D(f;, 6, 9)D (f, 6, 9) (6.6)

where A(f) is the power spectral density of s(t)) for the it frequency bin, and D(f, 8, @) is the
steering vector with the n™ term being denoted by d,(f, 6, ). Then matrix S(f,, 6, ¢) has its n™" row
and m™ column defined by S,.,(f, 8, @ = A(f)d,(f, 6, @d*,(f, 6, @. Moreover, R(f,) is the spatial
correlation matrix of received sensor time series with elements R, (f, d,). R.(f) = o2 (f)R.(f) is
the spatial correlation matrix of the noise for the it frequency bin with o? (f) being the power
spectral density of the noise, €,(t;). In what is considered as an estimation procedure in this chapter,
the associated problem of detection is defined in the classical sense as a hypothesis test that provides
a detection probability and a probability of false alarm.3:-3 This choise of definition is based on the
standard CFAR (constant false alarm rate) processor, which is based on the Neyman-Pearson (N-
P) criterion.3* The CFAR processor provides an estimate of the ambient noise or clutter level so
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that the threshold can be varied dynamically to stabilize the false alarm rate. Ambient noise estimates
for the CFAR processor are provided mainly by noise normalization techniques® that account for
the slowly varying changes in the background noise or clutter. The above estimates of ambient noise
are based upon the average value of the received signal, the desired probability of detection, and
the probability of false alarms.

At this point, a brief discussion on the fundamentals of detection and estimation process is required
to address implementation issues of signal processing schemes in sonar and ultrasound systems.

6.3.3 Detection and Estimation

In passive systems, in general, we do not have the a priori probabilities associated with the hypothesis
H, that the signal is assumed present and the null hypothesis H, that the received time series consists
only of noise. As a result, costs cannot be assigned to the possible outcomes of the experiment. In this
case, the N-P criterion® is applied because it requires only a knowledge of the signal’s and noise’s
probability density functions (pdf).

Let x,-,(t), (i =1, ..., M) denote the received vector signal by a single sensor. Then for hypothesis
H,, which assumes that the signal is present, we have

lexn = 1(ti) = Sn = 1(ti) + 8n = 1(ti)! (67)

where s, _,(t) and €, ,(t;) are the signal and noise vector components in the received signal, and p,(x)
is the pdf of the received signal x, - ,(t;) given that H, is true. Similarly, for hypothesis H,,

Ho: X, - 1(t) = &, -4(t) (6.8)

and py(x) is the pdf of the received signal given that Hy is true. The N-P criterion requires maximization
of probability of detection for a given probability of false alarm. So, there exists a non-negative number
n such that if hypothesis H, is chosen, then

= ()

M) = SN, (6.9)

which is the likelihood ratio. By using the analytic expressions for p,(x) (the pdf for Hy) and p,(x) (the
pdf for H,) in Equation 6.9 and by taking the In [A(X)] , we have,3!

A, = IN[A(X)] = sR'.X (6.10)

where A, is the log likelihood ratio and R,' is the covariance matrix of the noise vector, as defined in
the Section 6.3.2. For the case of white noise with R,’ = oI and | being the unit matrix, the test statistic
in Equation 6.10 is simplified into a simple correlation receiver (or replica correlator)

A =5 OX. (6.11)

For the case of anisotropic noise, however, an optimum detector should include the correlation
properties of the noise in the correlation receiver as defined in Equation 6.10.
For plane wave arrivals that are observed by an N sensor array receiver, the test statistics are3!

N 2

-1

A= S X (6) R(F) 5(F, @ 6) CIS(F, @, 8) + R'o(f)] " IX(F), (6.12)

i=1
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where the above statistics are for the frequency domain with parameters defined in Equations 6.5 and
6.6 in the Section 6.3.2. Then, for the case of an array of sensors receiving plane wave signals, the log
likelihood ratio A, in Equation 6.12 is expressed by the following equation, which is the result of simple
matrix manipulations based on the frequency domain Equation 6.5 and 6.6 and their parameter defini-
tions presented in Section 6.3.2. Thus,

A= S 6D (o OR (B XE), (6.13)
where3!
2

¢2(fi) = e AS(fi)/Gn(fi) - . (614)

1+A(f)D'(f, @, O)R;'(F)D(f;)/ a5 (f)

Equation 6.13 can be written also as follows:
%’ N 2

=S {z G(t @ e)XH(m} . (6.15)

This last expression in Equation 6.15 of the log likelihood ratio indicates that an optimum detector
in this case requires the filtering of each one of the N sensor received time series X, (f}) with a set of filters
being the elements of the vector,

U(f, 0. 8) = 6(f)D’(F, @, OR'(F) ™. (6.16)

Then, the summation of the filtered sensor outputs in the frequency domain according to Equation
6.16 provides the test statistics for optimum detection. For the simple case of white noise R, = o’l
and for a line array receiver, the filtering operation in Equation 6.16 indicates plane wave conventional
beamforming in the frequency domain,

NIZ

-1 2

A = { Zd;me)xn«i)} (617)

where W = Z/(1 + NQ) is a scalar, which is a function of the signal-to-noise ratio Z = A2/ o~.

For the case of narrowband signals embedded in spatially and/or temporally correlated noise or
interferences, it has been shown?®? that the deployment of very long arrays or application of acoustic
synthetic aperture will provide sufficient array gain and will achieve optimum detection and estimation
for the parameters of interest.

For the general case of broadband and narrowband signals embedded in a spatially anisotropic and
temporally correlated noise field, Equation 6.17 indicates that the filtering operation for optimum
detection and estimation requires adaptation of the sonar and ultrasound signal processing according to
the ambient noise’s and human body’s noise characteristics, respectively. The family of algorithms for
optimum beamforming that uses the characteristics of the noise are called adaptive beamformers317-202223
and a detailed definition of an adaptation process requires knowledge of the correlated noise’s covariance
matrix R'.(f;) . However, if the required knowledge of the noise’s characteristics is inaccurate, the per-
formance of the optimum beamformer will degrade dramatically.'2® As an example, the case of cancel-
lation of the desired signal is often typical and significant in adaptive beamforming applications.'®* This
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suggests that the implementation of useful adaptive beamformers in real-time operational systems is not
a trivial task. The existence of numerous articles on adaptive beamforming suggests the dimensions of
the difficulties associated with this kind of implementation. In order to minimize the generic nature of
the problems associated with adaptive beamforming, the concept of partially adaptive beamformer design
was introduced. This concept reduces the degrees of freedom, which results in lowering the computational
requirements and often improving the adaptive response time.!"'8 However, the penalty associated with
the reduction of the degrees of freedom in partially adaptive beamformers is that they cannot converge
to the same optimum solution as the fully adaptive beamformer.

Although a review of the various adaptive beamformers would seem relevant at this point, we believe
that this is not necessary since there are excellent review articles®!7182! that summarize the points that
have been considered for the material of this chapter. There are two main families of adaptive beam-
formers: the generalized sidelobe cancellers (GSC)#+45 and the linearly constrained minimum variance
(LCMV) beamformers.'® A special case of the LCMV is Capon’s maximum likelihood method,?? which
is called minimum variance distortionless response (MVDR).17182223383% Thijs algorithm has proven to
be one of the more robust of the adaptive array beamformers, and it has been used by numerous
researchers as a basis to derive other variants of MVDR.8 In this chapter, we will address implementation
issues for various partially adaptive variants of the MVDR and a GSC adaptive beamformer,* which are
discussed in Section 6.5.2.

In summary, the classical estimation problem assumes that the a priori probability of the signal’s
presense p(H,) is unity.3*-3 However, if the signal’s parameters are not known a priori and p(H,) is
known to be less than unity, then a series of detection decisions over an exhaustive set of source
parameters constitutes a detection procedure, where the results incidentally provide an estimation of
the source’s parameters. As an example, we consider the case of a matched filter, which is used in a
sequential manner by applying a series of matched filter detection statistics to estimate the range and
speed of the target, which are not known a priori. This kind of estimation procedure is not optimal
since it does not constitute an appropriate form of Bayesian minimum variance or minimum mean
square error procedure.

Thus, the problem of detection®-3 is much simpler than the problem of estimating one or more
parameters of a detected signal. Classical decision theory®-33 treats signal detection and signal estimation
as separate and distinct operations. A detection decision as to the presence or absence of the signal is
regarded as taking place independently of any signal parameter or waveform estimation that may be
indicated as the result of a detection decision. However, interest in joint or simultaneous detection and
estimation of signals arises frequently. Middleton and Esposito*® have formulated the problem of simul-
taneous optimum detection and estimation of signals in noise by viewing estimation as a generalized
detection process. Practical considerations, however, require different cost functions for each process.*
As a result, it is more effective to retain the usual distinction between detection and estimation.

Estimation, in passive sonar and ultrasound systems, includes both the temporal and spatial structure
of an observed signal field. For active systems, correlation processing and Doppler (for moving target
indications) are major concerns that define the critical distinction between these two approaches (i.e.,
passive, active) to sonar and ultrasound processing. In this chapter, we restrict our discussion only to
topics related to spatial signal processing for estimating signal parameters. However, spatial signal pro-
cessing has a direct representation that is analogous to the frequency domain representation of temporal
signals. Therefore, the spatial signal processing concepts discussed here have direct applications to tem-
poral spectral analysis.

6.3.4 Cramer-Rao Lower Bound (CRLB) Analysis

Typically, the performance of an estimator is represented as the variance in the estimated parameters.
Theoretical bounds associated with this performance analysis are specified by the Cramer-Rao bound, -3
and this has led to major research efforts by the sonar signal processing community to define the idea
of an optimum processor for discrete sensor arrays.*21656-60 |f the a priori probability of detection is close
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to unity, then the minimum variance achievable by any unbiased estimator is provided by the Cramer-
Rao lower bound (CRLB).3:3246
More specifically, let us consider that the received signal by the nt" sensor of a receiving array is expressed by

Xn(ti) = Sn(ti) + sn(ti) (618)

where s,(t, ©) = s,[t; + 1,(6, @] defines the received signal model, with 1,(6, @) being the time delay
between the (n — 1)* and the nt sensor of the array for an incoming plane wave with the direction of
propagation of azimuth angle 8 and an elevation angle @, as depicted in Figure 6.3. The vector © includes
all the unknown parameters considered in Equation 6.18. Let ogi denote the variance of an unbiased
estimate of an unknown parameter 6; in the vector © . The Cramer-Rao®-3 bound states that the best
unbiased estimate © of the parameter vector © has the covariance matrix

cov@ = J(8) ™, (6.19)

where J is the Fisher information matrix whose elements are

_ _P’InPIX|0H
Jij __ED—ﬁeisej 0 (6.20)

In Equation 6.20, P [X|© is the pdf governing the observations

X = [x4(t), Xa(t:), Xs(t), ---1XN(ti)]*

for each of the N and M independent spatial and temporal samples, respectively, that are described by
the model in Equation 6.18. The variance of the unbiased estimates © has a lower bound (called the
CRLB), which is given by the diagonal elements of Equation 6.19. This CRLB is used as the standard of
performance and provides a good measure for the performance of signal processing algorithms which
gives unbiased estimates © for the parameter vector © . In this case, if there exists a signal processor to
achieve the CRLB, it will be the maximum likelihood estimation (MLE) technique. The above requirement
associated with the a priori probability of detection is very essential because if it is less than one, then
the estimation is biased and the theoretical CRLBs do not apply. This general framework of optimality
is very essential in order to account for Middleton’s®2 warning that a system optimized for the one function
(detection or estimation) may not be necessarily optimized for the other.

For a given model describing the received signal by a sonar or ultrasound system, the CRLB analysis
can be used as a tool to define the information inherent in a sonar system. This is an important step
related to the development of the signal processing concept for a sonar system as well as in defining the
optimum sensor configuration arrangement under which we can achieve, in terms of system performance,
the optimum estimation of signal parameters of our interest. This approach has been applied successfully
to various studies related to the present development.t21556-60

As an example, let us consider the simplest problem of one source with the bearing 6, being the
unknown parameter. Following Equation 6.20, the results of the variance cgi in the bearing estimates are

2 3 0B f

%, = 2PN sing (6.21)

where W = M,A%/ 0%, and the parameter B,, = /(N — 1)3 gives the beam width of the physical aperture
that defines the angular resolution associated with the estimates of 6,. The signal-to-noise ratio (SNR)
at the sensor level is SNR = 10 x log,,(‘V) or

SNR = 20 x log,4(A,/0;) + 10 x log,o(M,). (6.22)
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It is obvious from Equations 6.21 and 6.22 that the variance of the bearing cgi can get smaller when
the observation period, T = M/f,, becomes long and the receiving array size, L = (N — 1)A, gets very long.

The next question needed to be addressed is about the unbiased estimator that can exploit this available
information and provide results asymptotically reaching the CRLBs. For each estimator, it is well known
that there is a range of SNR in which the variance of the estimates rises very rapidly as SNR decreases.
This effect, which is called the threshold effect of the estimator, determines the range of the SNR of received
signals for which the parameter estimates can be accepted. In passive sonar systems, the SNR of signals
of interest are often quite low and probably below the threshold value of an estimator. In this case, high-
frequency resolution in both time and spatial domains for the parameter estimation of narrowband
signals is required. In other words, the threshold effect of an estimator determines the frequency reso-
lution for processing and the size of the array receivers required in order to detect and estimate signals
of interest that have very low SNR.1214536162 The CRLB analysis has been used in many studies to evaluate
and compare the performance of the various non-conventional processing schemes”185 that have been
considered for implementation in the generic beamforming structure to be discussed in Section 6.5.1.
In general, array signal processing includes a large number of algorithms for a variety of systems that
are quite diverse in concept. There is a basic point that is common in all of them, however, and this is
the beamforming process, which we will examine in Section 6.4.

6.4 Optimum Estimators for Array Signal Processing

Sonar signal processing includes mainly estimation (after detection) of the source’s bearing, which is the
main concern in sonar array systems because in most of the sonar applications the acoustic signal’s wave-
fronts tend to be planar, which assumes distant sources. Passive ranging by measurement of wavefront
curvature is not appropriate for the far-field problem. The range estimate of a distant source, in this case,
must be determined by various target motion analysis methods discussed in Reference 1 and Chapter 9,
which address the localization tracking performance of non-conventional beamformers with real data.

More specifically, a one-dimensional (1-D) device such as a line sensor array satisfies the basic require-
ments of a spatial filter. It provides direction discrimination, at least in a limited sense, and an SNR
improvement relative to an omni-directional sensor. Because of the simplified mathematics and reduced
number of the involved sensors, relative to multi-dimensional arrays, most of the researchers have focused
on the investigation of the line sensor arrays in system applications.t® Furthermore, implementation
issues of synthetic aperture and adaptive techniques in real time systems have been extensively investigated
for line arrays as well 15612171920 However, the configuration of the array depends on the purpose for
which it is to be designed. For example, if a wide range of horizontal angles is to be observed, a circular
configuration may be used, giving rise to beam characteristics that are independent of the direction of
steering. Vertical direction may be added by moving into a cylindrical configuration.® In a more general
case, where both vertical and horizontal steering are to be required and where a large range of angles is
to be covered, a spherically symmetric array would be desirable.® In modern ultrasound imaging systems,
planar arrays are required to reconstruct real-time 3-D images. However, the huge computational load
required for multi-dimensional conventional and adaptive beamformers makes the applications of these
2-D and 3-D arrays in real-time systems non-feasible.

Furthermore, for modern sonar and radar systems, it has become a necessity these days that all possible
active and passive modes of operation should be exploited under an integrated processing structure that
reduces redundancy and provides cost-effective, real-time system solutions.® Similarly, the implementation
of computationally intensive data adaptive techniques in real-time systems is also an issue of equal practical
importance. However, when these systems include multi-dimensional (2-D, 3-D) arrays with hundreds of
sensors, then the associated beamforming process requires very large memory and very intensive throughput
characteristics, things that make its implementation in real-time systems a very expensive and difficult task.

To counter this implementation problem, this chapter introduces a generic approach of implementing
conventional beamforming processing schemes with integrated passive and active modes of operations in
systems that may include planar, cylindrical, or spherical arrays.?>¢ This approach decomposes the 2-D
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and 3-D beamforming process into sets of linear and/or circular array beamformers. Because of the decom-
position process, the fully multi-dimensional beamformer can now be divided into subsets of coherent
processes that can be implemented in small size CPUs that can be integrated under the parallel configuration
of existing computing architectures. Furthermore, application of spatial shading for multi-dimensional
beamformers to control sidelobe structures can now be easily incorporated. This is because the problem of
spatial shading for linear arrays has been investigated thoroughly,® and the associated results can be
integrated into a circular and a multi-dimensional beamformer, which can be decomposed now into
coherent subsets of linear and/or circular beamformers of the proposed generic processing structure.

As a result of the decomposition process provided by the generic processing structure, the implemen-
tation effort for adaptive schemes is reduced to implementing adaptive processes in linear and circular
arrays. Thus, a multi-dimensional adaptive beamformer can now be divided into two coherent modular
steps which lead to efficient system-oriented implementations. In summary, the proposed approach
demonstrates that the incorporation of adaptive schemes with near-instantaneous convergence in multi-
dimensional arrays is feasible.”25-28

At this point, it is important to note that the proposed decomposition process of 2-D and 3-D conven-
tional beamformers into sets of linear and/or circular array beamformers is an old concept that has been
exploited over the years by sonar system designers. Thus, references on this subject may exist in U.S. Navy-
labs’ and industrial institutes’ technical reports that are not always readily available, and the authors of this
chapter are not aware of any kind of reports in this area. Previous efforts had attempted to address practical
implementation issues and had focused on cylindrical arrays. As an example, a cylindrical array beamformer
is decomposed into time-delay line array beamformers, providing beams along elevation angles of the
cylindrical array. These are called staves. Then, the beam time series associated with a particular elevation
steering of interest are provided at the input of a circular array beamformer.

In this chapter, the attempt is to provide a higher degree of development than the one discussed above
for cylindrical arrays. The task is to develop a generic processing structure that integrates the decompo-
sition process of multi-dimensional planar, cylindrical, and spherical array beamformers into line and/or
circular array beamformers. Furthermore, the proposed generic processing structure integrates passive
and active modes of operation into a single signal processing scheme.

6.4.1 Generic, Multi-Dimensional Conventional Beamforming Structure

6.4.1.1 Linear Array Conventional Beamformer

Consider an N sensor linear array receiver with uniform sensor spacing o, shown in Figure 6.4, receiving
plane wave arrivals with direction of propagation 6. Then, as a follow-up of the parameter definition
in Section 6.3.2,

1,(8) = (n—-1)dcosb/c (6.23)

is the time delay between the 1%t and the nt sensor of the line array for an incoming plane wave with
direction 0, as illustrated in Figure 6.4.

d,(f, 8) = exp[jZT[(i_Tl)fsTn(e)} (6.24)

is the nth term of the steering vector D(f, 8) . Moreover, because of Equations 6.16 and 6.17 the plane
wave response of the N-sensor line array steered at a direction 6, can be expressed by

B(f,8,) = D (f, 8,)X(f). (6.25)

Previous studies' have shown that for a single source this conventional beamformer without shading
is an optimum processing scheme for bearing estimation. The sidelobe structure can be suppressed at
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FIGURE 6.4 Geometric configuration and coordinate system for a line array of sensors.

the expense of a beam width increase by applying different weights (i.e., spatial shading window).%¢ The
angular response of a line array is ambiguous with respect to the angle 8,, responding equally to targets
at angles 6, and —6, where 6 varies over [0, 1.

Equation 6.25 is basically a mathematical interpretation of Figure 6.3 and shows that a line array is
basically a spatial filter because by steering a beam in a particular direction we spatially filter the signal
coming from that direction, as illustrated in Figure 6.3. On the other hand, Equation 6.25 is fundamentally
a discrete Fourier transform relationship between the sensor weightings and the beam pattern of the line
array, and, as such, it is computationally a very efficient operation. However, Equation 6.25 can be
generalized for non-linear 2-D and 3-D arrays, and this is discussed in Section 6.4.2.

As an example, let us consider a distant monochromatic source. Then the plane wave signal arrival
from the direction 6 received by an N hydrophone line array is expressed by Equation 6.24. The beam
power pattern P(f, 8,) is given by P(f, 8,) = B(f, 6;) x BH(f, 6,) that takes the form

N

P8 = T 5 Xa(HXa(Nexp|

n=1m=1

jZT[f5nmCOSGS} , (6.26)

c

where 3, is the spacing 8(n — m) between the nt" and m™ sensors. As a result of Equation 6.26, the
expression for the power beam pattern P(f, 6,) is reduced to

N

sin[n—)\—a(sines ~sing)|

0 0
Dsin[NnTé( Sird, —sinO)E

P(f, 8,) = [ . (6.27)
0 0
0
0

Let us consider for simplicity the source bearing 6 to be at array broadside, d = A/2,and L = (N - 1)&
is the array size. Then Equation 6.27 is modified as**?

2 . o[ TILSinG,
N sm[ X }

(Lsinef
o ax O

P(,0,) = (6.28)

which is the far-field radiation or directivity pattern of the line array as opposed to near-field regions. The
results in Equations 6.27 and 6.28 are for a perfectly coherent incident acoustic signal, and an increase in array
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size L results in additional power output and a reduction in beam width, which are similar arguments with
those associated with the CRLB analysis expressed by Equation 6.21. The sidelobe structure of the directivity
pattern of a line array, which is expressed by Equation 6.27, can be suppressed at the expense of a beam width
increase by applying different weights. The selection of these weights will act as spatial filter coefficients with
optimum performance.>"18 There are two different approaches to select these weights: pattern optimization
and gain optimization. For pattern optimization, the desired array response pattern P(f, 6,) is selected first.
A desired pattern is usually one with a narrow main lobe and low sidelobes. The weighting or shading
coefficients in this case are real numbers from well-known window functions that modify the array response
pattern. Harris’ review® on the use of windows in discrete Fourier transforms and temporal spectral analysis
is directly applicable in this case to spatial spectral analysis for towed line array applications.

Using the approximation sin® (B for small 6 at array broadside, the first null in Equation 6.25 occurs
at TLsin®/A = 1tor AB xL/A O01. The major conclusion drawn here for line array applications is that*°

AB = % and Af x T =1 (6.29)

where T = M (/Fis the sensor time series length. Both of the relations in Equation 6.29 express the well-
known temporal and spatial resolution limitations in line array applications that form the driving force
and motivation for adaptive and synthetic aperture signal processing that we will discuss later.

An additional constraint for sonar and ultrasound applications requires that the frequency resolution
Af of the sensor time series for spatial spectral analysis that is based on fast Fourier transform (FFT)
beamforming processing must be such that

Af x % «1 (6.30)

in order to satisfy frequency quantization effects associated with discrete frequency domain beamforming
following the FFT of sensor data.'#? This is because, in conventional beamforming, finite-duration
impulse response (FIR) filters are used to provide realizations in designing digital phase shifters for beam
steering. Since fast-convolution signal processing operations are part of the processing flow of a sonar
signal processor, the effective beamforming filter length needs to be considered as the overlap size between
successive snapshots. In this way, the overlap process will account for the wraparound errors that arise
in the fast-convolution processing.t“-#? It has been shown“? that an approximate estimate of the effective
beamforming filter length is provided by Equations 6.28 and 6.30.

Because of the linearity of the conventional beamforming process, an exact equivalence of the frequency
domain narrowband beamformer with that of the time domain beamformer for broadband signals can
be derived.*243 Based on the model of Figure 6.3, the time domain beamformer is simply a time delaying*
and summing process across the sensors of the line array, which is expressed by

b(6, t;) = z X (i = T5) - (6.31)
Since
b(8,, t) = IFFT{B(f, 6,)}, (6.32)

by using FFTs and fast-convolution procedures, continuous beam time sequences can be obtained at the
output of the frequency domain beamformer.*? This is a very useful operation when the implementation
of beamforming processors in sonar systems is considered.

The beamforming operation in Equation 6.31 is not restricted only for plane wave signals. More
specifically, consider an acoustic source at the near field of a line array with r, as the source range and 6
as its bearing. Then the time delay for steering at 6 is
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T = (+d%,—2rd,,co)*/c. (6.33)

As a result of Equation 6.33, the steering vector d,(f, 8,) = exp[j2rdt,] will include two parameters
of interest, the bearing 8 and range r, of the source. In this case, the beamformer is called focused
beamformer, which is used mainly in ultrasound system applications There are, however, practical
considerations restricting the application of the focused beamformer in passive sonar line array systems,
and these have to do with the fact that effective range focusing by a beamformer requires extremely
long arrays.

6.4.1.2 Circular Array Conventional Beamformer

Consider M sensors distributed uniformly on a ring of radius R receiving plane wave arrivals at an
azimuth angle 8 and an elevation angle @ as shown in Figure 6.5. The plane wave response of this circular
array for azimuth steering 6, and an elevation steering ¢, can be written as follows:

B(f,6, @) = D (f, 6, @)W(B)X(F), (6.34)

where D(f, 8,, @) is the steering vector with the nt" term being expressed by d.(f, 8, @) =
exp(j21/Rsin @cos(6; — 6,)/c), and 6,, = 2rim/M s the angular location of the mt" sensor with m = 0,
1,...,M-1.W(8,) is a diagonal matrix with the off diagonal terms being zero and the diagonal terms
being the weights of a spatial window to reduce the sidelobe structure.® This spatial window, in general,
is not uniform and depends on the sensor location (6,) and the beam steering direction (6,). The
beam power pattern P(f, 6, @) is given by P(f, 6, @) = B(f, 8,, @) x BXf, 6, @). The azimuth angular
response of the circular array covers the range[0, 211], and, therefore, there is no ambiguity with respect
to the azimuth angle 6.

Y

FIGURE 6.5 Geometric configuration and coordinate system for a circular array of sensors.

6.4.2 Multi-Dimensional (3-D) Array Conventional Beamformer

Presented in this section is a generic approach to decompose the planar, cylindrical, and spherical
array beamformers into coherent subsets of linear and/or circular array beamformers. In this chapter,
we will restrict the discussion to 3-D arrays with cylindrical and planar geometric configuration. The
details of the decomposition process for spherical arrays are similar and can be found in References
7,and 25 to 28.
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6.4.2.1 Decomposition Process for 2-D and 3-D Sensor Array Beamformers

6.4.2.1.1 Cylindrical Array Beamformer

Consider the cylindrical array shown in Figure 6.6 with [0 sensors and O = NM, where N is the number
of circular rings and M is the number of sensors on each ring. The angular response of this cylindrical
array to a steered direction at (6,, @)can be expressed as

N-1M-1

B(f. 6., @) = z z W, X, m(F)d; m(f, 6, @), (6.35)

r=0m=0

where w, , is the (r, m)t" term of a 3-D spatial window, X, ,(f) is the (r, m)® term of the matrix X(f), or
X m (f) is the Fourier transform of the signal received by the mt" sensor on the r* ring, and d, (8, @)
= exp{j2rd[(rd,cos@ + Rsinq.cos(8, — 8,,)/c]} is the (r, m)t" steering term of D(f, 8,, @) . R is the radius of
the ring, 9, is the distance between each ring along the z-axis, r is the index for the rt" ring, and 6,,, = 2rm/M,
m=0,1, ..., M-1 Assuming w, ,, = W, X W,,, Equation 6.35 can be re-arranged as follows:

N-1 M-1
B(F,8. @) = § wd(f, 0, 9) Y X m(HWndn(f, 8, @) |, (6.36)
rZO mZO

where d,(f, 6, @) = exp{j2rf[(rd,cos@/c)]} is the rt" term of the steering vector for line array beamforming,
w, is the rt term of a spatial window for line array spatial shading, d.(f, 6,, @) = exp{j2rf(Rsinqcos(6,
—8,,)/c)} is the mt term of the steering vector for a circular beamformer discussed in Section 6.4.1, and
w,, is the m™ term of a spatial window for circular array shading.

Thus, Equation 6.36 suggests the decomposition of the cylindrical array beamformer into two steps,
which is a well-known process in array theory. The first step is to perform circular array beamforming
for each of the N rings with M sensors on each ring. The second step is to perform line array beamforming
along the z-axis on the N beam time series outputs of the first step. This kind of implementation, which
is based on the decomposition of the cylindrical beamformer into line and circular array beamformers,
is shown in Figure 6.6. The coordinate system is identical to that shown in Figure 6.5. The decomposition
process of Equation 6.36 also makes the design and incorporation of 3-D spatial windows much simpler.
Non-uniform shading windows can be applied to each circular beamformer to improve the angular
response with respect to the azimuth angle 6. A uniform shading window can then be applied to the line
array beamformer to improve the angular response with respect to the elevation angle ¢@. Moreover, the
decomposition process, shown in Figure 6.6, leads to an efficient implementation in computing archi-
tectures based on the following two factors:

» The number of sensors for each of these circular and line array beamformers is much less than
the total number of sensors, 0, of the cylindrical array. This kind of decomposition process for
the 3-D beamformer eliminates the need for very large memory and CPUs with very high through-
put requirements on one board for real-time system applications.

« All the circular and line array beamformers can be executed in parallel, which allows their imple-
mentation in much simpler parallel architectures with simpler CPUs, which is a practical require-
ment for real-time system applications.

Thus, under the restriction w, ,, = w, X w,, for 3-D spatial shading, the decomposition process provides
equivalent beam time series with those that would have been provided by a 3-D cylindrical beamformer,
as shown by Equations 6.35 and 6.36.

6.4.2.1.2 Planar Array Beamformer

Consider the discrete planar array shown in Figure 6.7 with [0 sensors where 00 = NM and M, N are the
number of sensors along x-axis and y-axis, respectively. The angular response of this planar array to a
steered direction (8,, @) can be expressed as
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For each azimuth beam steering

select beam time series
from all circular arrays and
form a vertical line array

| Beamform each circular array

FIGURE 6.6 Coordinate system and geometric representation of the concept of decomposing a cylindrical array beamformer. The 00 = NM sensor cylindrical array beamformer
consists of N circular arrays with M being the number of sensors in each circular array. Then, the beamforming structure for cylindrical arrays is reduced into coherent subsets
of circular (for 0° to 360° azimuth bearing estimates) and line array (for 0° to 180° angular elevation bearing estimates) beamformers.
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array beamformer.

FIGURE 6.7 Coordinate system and geometric representation of the concept of decomposing a planar array beamformer. The O = NM sensor planar array beamformer consists
of N line arrays with M being the number of sensors in each line array. Then, the beamforming structure for planar arrays is reduced into coherent subsets of line (for 0° to
180° azimuth bearing estimates) and line array (for 0° to 180° elevation bearing estimates) beamformers.
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N-1M-1

B1,6,9) = Y Y WenXem(Nd: nlf 8,0 (637)

r=0m=0

where w, , is the (r, m)® term of matrix W(6, ¢) including the weights of a 2-D spatial window, and
X, m(f) is the (r, m) ™ term of the matrix X(f) including the Fourier transform of the received signal by
the (m, r)t" sensor along the x-axis and y-axis, respectively. D(f, 8;, ¢.) is the steering matrix having its
(r, m)t term defined by B

dr m(f, 65, @) = exp(j2rf(md,sind, + rd,cosd;cosp,)/c) .

Assuming that the matrix of spatial shading (weighting) W(6, @) is separable [ie., W (6, @) =
W, (B) W, (9)], Equation 6.37 can be simplified as follows:

N-1 M-1

B.6.9) = 3 Wy 0i(F,6,9)| T WanX, n(dn(h. 6., ) (6.383)
r=0 m=0

where d.(f, 6, @) = exp(j2rird,cosB,cos@/c) is the rt term of the steering vector Dy (f, 8, @) and d,(f,
8,, @) = exp(j2rfmd,sinB,/c) is the m" term of the steering vector Dy (f, 6, @). The summation term
enclosed by parentheses in Equation 6.38a is equivalent to the response of a line array beamformer along
the x-axis. Then all the steered beams from this summation term form a vector denoted by B,(f, 6;).
This vector defines a line array with directional sensors, which are the beams defined by the second
summation process of Equation 6.38a. Therefore, Equation 6.38a can be expressed as

B(T, 8, @) = Dy(f, 8, @)W, (8)B,(f, 8,). (6.38b)

Equation 6.38b suggests that the 2-D planar array beamformer can be decomposed into two line array
beamforming steps. The first step includes a line array beamforming along the x-axis and will be repeated
N times to get the vector By(f, 8,) that includes the beam times series b,(f, 8,), where the index r = 0, 1,
..., N =1 is along the y-axis. The second step includes line array beamforming along the y-axis and will
be done only once by treating the vector B,(f, 8,) as the input signal for the line array beamformer to
get the output B(f, 6, @). The separable spatial windows can now be applied separately on each line
array beamformer to suppress sidelobe structures. Figure 6.7 shows the involved steps of decomposing
the 2-D planar array beamformer into two steps of line array beamformers. The coordinate system is
identical to that shown in Figure 6.4. The decomposition of the planar array beamformer into these two
line-array beamforming steps leads to an efficient implementation based on the following two factors.
First, the number of the involved sensors for each of these line array beamformers is much less than the
total number of sensors, O, of the planar array. This kind of decomposion process for the 2-D beamformer
eliminates the need for very large memory and CPUs with very high throughput requirements on one
board for real-time system applications. Second, all these line array beamformers can be executed in
parallel, which allows their implementation in much simpler parallel architectures with simpler CPUs,
which is a practical requirement for real-time system applications. Besides the advantage of the efficient
implementation, the proposed decomposition approach makes the application of the spatial window
much simpler to be incorporated.

6.4.3 Influence of the Medium’s Propagation Characteristics
on the Performance of a Receiving Array

In ocean acoustics and medical ultrasound imaging, the wave propagation problem is highly complex
due to the spatial properties of the non-homogeneous underwater and human body mediums. For
stationary source and receiving arrays, the space-time properties of the acoustic pressure fields include
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a limiting resolution imposed by these mediums. This limitation is due either to the angular spread of
the incident energy about a single arrival as a result of the scattering phenomena or to the multipaths
and their variation over the aperture of the receiving array.

More specifically, an acoustic signal that propagates through anisotropic mediums will interact with
the transmitting medium microstructure and the rough boundaries, resulting in a net field that is
characterized by irregular spatial and temporal variations. As a consequence of these interactions, a point
source detected by a high-angular resolution receiver is perceived as a source of finite extent. It has been
suggested*’ that due to the above spatial variations the sound field consists not of parallel, but of
superimposed wavefronts of different directions of propagation. As a result, coherence measurements of
this field by a receiving array give an estimate for the spatial coherence function. In the model for the
spatial uncertainty of the above study,*’ the width of the coherence function is defined as the coherence
length of the medium, and its reciprocal value is a measure of the angular uncertainty caused by the
scattered field of the underwater environment.

By the coherence of acoustic signals in the sea or the human body, we mean the degree to which the
acoustic pressures are the same at two points in the medium of interest located a given distance and
direction apart. Pressure sensors placed at these two points will have phase coherent outputs if the received
acoustic signals are perfectly coherent; if the two sensor outputs, as a function of space or time, are totally
dissimilar, the signals are said to be incoherent. Thus, the loss of spatial coherence results in an upper
limit on the useful aperture of a receiving array of sensors.® Consequently, knowledge of the angular
uncertainty of the signal caused by the medium is considered essential in order to determine quantitatively
the influence of the medium on the array gain, which is also influenced significantly by a partially directive
anisotropic noise background. Therefore, for a given non-isotropic medium, it is desirable to estimate
the optimum array size and achievable array gain for sonar and ultrasound array applications.

For geometrical simplicity and without any loss of generality, we consider the case of a receiving line
array. Quantitative estimates of the spatial coherence for a receiving line array are provided by the cross-
spectral density matrix in the frequency domain between any set of two sensor time series of the line
array. An estimate of the cross-spectral density matrix R(f) with its nmt term is defined by

Ram(f, 8am) = E[Xa(A)Xn(A] - (6.39)

The above space-frequency correlation function in Equation 6.39 can be related to the angular power
directivity pattern of the source, W(f, 8), via a Fourier transformation by using a generalization of Bello’s
concept* of time-frequency correlation function [t = 27tf] into space [d,, = 271fsin6/c] , which gives

w2
215, 0
Ron(f,Bu) = [ Wi(F e)exp[’%}de, (6.40)
-/ 2
or
N2 2165, 6
V,(1,8) = [ Run(f, Bun)exp 17 [d(8,0). (6.41)
—Nd/2

The above transformation can be converted into the following summation:

G/2

Run(fo 8im) = A8 5 Wi(T, B;)exp|

g=-G/2

—j21t,0,,Sin(gAB)
c

}cos(gAe) , (6.42)

where AB is the angle increment for sampling the angular power directivity pattern 8, = gA®, g is the
index for the samples, and G is the total number of samples.
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For line array applications, the power directivity pattern (calculated for a homogeneous free space)
due to a distant source, which is treated as a point source, should be a delta function. Estimates, however,
of the source’s directivity from a line array operating in an anisotropic ocean are distorted by the
underwater medium. In other words, the directivity pattern of the received signal is the convolution of
the original pattern and the angular directivity of the medium (i.e., the angular scattering function of
the underwater environment). As a result of this the angular pattern of the received signal, by a receiving
line array system, is the scattering function of the medium.

In this chapter, the concept of spatial coherence is used to determine the statistical response of a line
array to the acoustic field. This response is the result of the multipath and scattering phenomena discussed
above, and there are modelsi®*’ to relate the spatial coherence with the physical parameters of an
anisotropic medium for measurement interpretation. In these models, the interaction of the acoustic
signal with the transmitting medium is considered to result in superimposed wavefronts of different
directions of propagation. Then Equations 6.24 and 6.25, which define a received sensor signal from a
distant source, are expressed by

x(t) = 3 Avexpl G2 - 2= e, (0,0, (6.43)
=1

where 1 =1, 2, ..., J, and J is the number of superimposed waves. As a result, a generalized form of the
cross-correlation function between two sensors, which has been discussed by Carey and Moseley,° is

3
Rom(f, 8m) = Xz(f)exp[—g%"g}k =1, or 1.5 or 2 (6.44)

where L, is the correlation length and f(z(f) is the mean acoustic intensity of a received sensor time sequence
at the frequency bin f. A more explicit expression for the Gaussian form of Equation 6.44 is given in¥

2
Runf, o) = X () exf ~ET22%0 3], (6.45)
c
and the cross-correlation coefficients are given from

Pon(f, Sum) = Rom(f, 8m)/ X (1) . (6.46)

At the distance L, = ¢/(21tfoy), called “the coherence length,” the correlation function in Equation 6.46
will be 0.6. This critical length is determined from experimental coherence measurements plotted as a
function of &,,. Then a connection between the medium’s angular uncertainty and the measured coher-
ence length is derived as

0y = 1/L,,and L, = 21y, f/c. (6.47)

Here, 8,,, is the critical distance between the first and the m® sensors at which the coherence measurements
get smaller than 0.6. Using the parameter definition in Equation 6.47, the effective aperture size and array
gain of a deployed towed line array can be determined®4’ for a specific underwater ocean environment.

Since the correlation function for a Gaussian acoustic field is given by Equation 6.45, the angular
scattering function @®(f, 8) of the medium can be derived. Using Equation 6.41 and following a rather
simple analytical integral evaluation, we have

1

@(1,6) = - N
[¢]

ez}
expl —— |, 6.48
p{ 205 (6.48)
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where o, = ¢/(2168,,,). This is an expression for the angular scattering function of a Gaussian underwater
ocean acoustic field.1047

It is apparent from the above discussion that the estimates of the cross-correlation coefficients
Pum(fi,8m) are necessary to define experimentally the coherence length of an underwater or human body
medium. For details on experimental studies on coherence estimation for underwater sonar applications,
the reader may review References 10 and 30.

6.4.4 Array Gain

The performance of a line array to an acoustic signal embodied in a noise field is characterized by the
“array gain” parameter, AG. The mathematical relation of this parameter is defined by

N N

z Pam(f, Sum)
AG = 10log-a=1m=1 : (6.49)

N N

S S Beon( S

n=1m=1

where p,(f;, 8,,,) and p, ,(f, 8,,,) denote the normalized cross-correlation coefficients of the signal and
noise field, respectively. Estimates of the correlation coefficients are given by Equation 6.46.

If the noise field is isotropic, that is, not partially directive, then the denominator in Equation 6.49 is
equal to N, i.e.,

N N
S S Bean(fi8m) = N,

n=1m=1

because the non-diagonal terms of the cross-correlation matrix for the noise field are negligible. Then
Equation 6.49 simplifies to

N N

S Pon(f, 3yn)
AG = 1OI09% : (6.50)

For perfect spatial coherence across the line array, the normalized cross-correlation coefficients are
Pum(f, 8,) 01, and the expected values of the array gain estimates are AG = 10 x logN. For the general
case of isotropic noise and for frequencies smaller than the towed array’s design frequency, the term AG
is reduced to the quantity called the directivity index,

DI = 10 x log[(N — 1)&/(\/2)]. (6.51)

When & << A and the conventional beamforming processing is employed, Equation 6.29 indicates
that the deployment of very long line arrays is required in order to achieve sufficient AG and angular
resolution for precise bearing estimates. Practical deployment considerations, however, usually limit the
overall dimensions of a hull-mounted line or towed array. In addition, the medium’s spatial coherence03°
sets an upper limit on the effective towed array length. In general, the medium’s spatial coherence length
is of the order of O(10%)A.2%° In addition, for sonar systems, very long towed arrays suffer degradation
in the AG due to array shape deformation and increased levels of self noise.%-53

Alternatives to large aperture sonar arrays are signal processing schemes discussed in Reference 1.
Theoretical and experimental investigations have shown that bearing resolution and detectability of weak
signals in the presence of strong interferences can be improved by applying non-conventional beamform-
ers such as adaptive beamforming,'->17-2 or acoustic synthetic aperture processing* -6 to the sensor
time series of deployed short sonar and ultrasound arrays, which are discussed in the next section.
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6.5 Advanced Beamformers

6.5.1 Synthetic Aperture Processing

Various synthetic aperture techniques have been investigated to increase signal gain and improve
angular resolution for line array systems. While these techniques have been successfully applied to
aircraft and satellite-active radar systems, they have not been successful with sonar and ultrasound
systems. In this section, we will review synthetic aperture techniques that have been tested successfully
with real data.!*-'¢ They are summarized in terms of their experimental implementation and the basic
approach involved.

Let us start with a few theoretical remarks. The plane wave response of a line array to a distant
monochromatic signal, received by the nt" element of the array, is expressed by Equations 6.23, 6.24, and
6.25. In these expressions, the frequency f includes the Doppler shift due to a combined movement of
the receiving array and the source (or object reflecting the incoming acoustic wavefront) radiating signal.
Let v denote the relative speed; it is assumed here that the component of the source’s velocity along its
bearing is negligible. I f, is the frequency of the stationary field, then the frequency of the received signal
is expressed by

f =f,(1+xusinB/c) (6.52)

and an approximate expression for the received sensor time series in Equations 6.18 and 6.43 is given by

X, (t) = Aexp[j 2rd, & - M sinéﬂ . (6.53)

T seconds later, the relative movement between the receiving array and the radiated source is Ut . By
proper choice of the parameters v and T, we have ut = gd, where q represents the number of sensor
positions that the array has moved, and the received signal x,(t; + T) is expressed by

X, (4 +1) = exp(j2rrf0r)Aexp[j ZTWOBi - U—tfﬂ—:l-_—l)—ésin%} +en. (6.54)

As a result, we have the Fourier transform of x,(t; + 1), as

Xa(f), = exp(j2rt, 1) Xn(f), (6.55)

where X,(f), and Xa(f) are the DFTs of x,(t; + T) and X,(t;), respectively. If the phase term
exp(—j2t,t) is used to correct the line array measurements shown in Equation 6.55, then the spatial
information included in the successive measurements at t = t; and t = t; + T is equivalent to that
derived from a line array of (g + N) sensors. When idealized conditions are assumed, the phase
correction factor for Equation 6.52 in order to form a synthetic aperture is exp(—j21t,t). However,
this phase correction estimate requires a priori knowledge of the source receiver relative speed v
and accurate estimates for the frequency f of the received signal. An additional restriction is that
the synthetic aperture processing techniques have to compensate for the disturbed paths of the
receiving array during the integration period that the synthetic aperture is formed. Moreover, the
temporal coherence of the source signal should be greater or at least equal to the integration time
of the synthetic aperture.

At this point, it is important to review a few fundamental physical arguments associated with passive
synthetic aperture processing. In the past,'? there was a conventional wisdom regarding synthetic aperture
techniques which held that practical limitations prevent them from being applicable to real-world systems.
The issues were threshold.
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1. Since passive synthetic aperture can be viewed as a scheme that converts temporal gain to spatial
gain, most signals of interest do not have sufficient temporal coherence to allow a long spatially
coherent aperture to be synthesized.

2. Since past algorithms required a priori knowledge of the source frequency in order to compute
the phase correction factor, as shown by Equations 6.52 to 6.55, the method was essentially useless
in any bearing estimation problem since Doppler would introduce an unknown bias on the
frequency observed at the receiver.

3. Since synthetic aperture processing essentially converts temporal gain to spatial gain, there was
no “new” gain to be achieved and, therefore, no point to the method.

Recent work!?-1¢ has shown that there can be realistic conditions under which all of these objections
are either not relevant or do not constitute serious impediments to practical applications of synthetic
aperture processing in operational systems.! Theoretical discussions have shown?® that the above three
arguments are valid for cases that include the formation of synthetic aperture in mediums with isotropic
noise characteristics. However, when the noise characteristics of the received signal are non-isotropic and
the receiving array includes more than one sensor, then there is spatial gain available from passive
synthetic aperture processing; this has been discussed analytically in Reference 13. Recently, there have
been only two passive synthetic aperture techniques!*-165 and an MLE estimator!? published in the open
literature that deal successfully with the above restrictions. In this section, they are summarized in terms
of their experimental implementation for sonar and ultrasound applications. For more details about
these techniques, the reader may review References 11 to 16, 54, and 55.

6.5.1.1 FFT Based Synthetic Aperture Processing (FFTSA Method)

Shown in the upper part of Figure 6.8, under Physical Aperture, are the basic processing steps of
Equations 6.23 to 6.26 for conventional beamforming applications including line arrays. This process-
ing includes the generation of the aperture function of the line array via FFT transformation (i.e.,
Equation 6.25), with the beamforming done in the frequency domain. The output (i.e., Equation 6.26)
provides the directionality power pattern of the acoustic signal/noise field received by the N sensors
of the line array. As an example, the theoretical response of the power pattern for a 64-sensor line
array is given in Figure 6.9. In the lower part of Figure 6.8, under Synthetic Aperture, the concept of
an FFT-based synthetic aperture technique, called FFTSA, is presented. The experimental realization
of this method includes

1. The time series acquisition, using the N sensor line array, of a number M of snapshots of the
acoustic field under surveillance taken every t seconds

2. The generation of the aperture function for each of the M snapshots

3. The beamforming in the frequency domain of each generated aperture function

This beamforming processor provides M beam patterns with N beams each. For each beam of the
beamforming output, there are M time-dependent samples with a T second sampling interval.

The FFT transformation in the time domain of the M time-dependent samples of each beam provides
the synthetic aperture output, which is expressed analytically by Equation 6.56. For more details, please
refer to Reference 55.

N

sin[NnTé(sines)} sin[MgnTes(sines)
o

| —

o | o o

P(f,0,)y = (6.56)

sin[%é(sines)} sin[g%é(sines)}

I o

Equation 6.56 assumes that ut = (NJ)/2, which indicates that there is a 50% spatial overlap between
two successive sets of M measurements and that the source bearing of 0 is approximately at the boresight.
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FIGURE 6.8 Shown under the title Physical Aperture is conventional beamforming processing in the frequency
domain for a physical line array. Presented under the title Synthetic Aperture is the signal processing concept of the

FFTSA method. (Reprinted by permission of IEEE ©1992.)
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FIGURE 6.9 The azimuth power pattern from the beamforming output of the 64-sensor line array considered for
the synthetic aperture processing in Figure 6.10. (Reprinted by permission of IEEE ©1992.)
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FIGURE 6.10 The azimuth power pattern from the beamforming output of the FFTSA method. (Reprinted by
permission of IEEE ©1992.)

The azimuthal power pattern of Equation 6.56 for the beamforming output of the FFTSA method is
shown in Figure 6.10.

6.5.1.2 Yen and Carey’s Synthetic Aperture Method

The concept of the experimental implementation of Yen and Carey’s synthetic aperture method> is shown
in Figure 6.11 and is also expressed by the following relation,

SYNTHETIC APERTURE (Yen - Carey)

FFT:
Generate Aperture Function BEAMFORMING
N-SENSORS . att, at,
OUTPUT
at ty+t at ty+1
K T MAGNTUDE
T ‘e COHERENT | & SQUARE
SUMMATION INTEGRATION
at ty+Mt atty+MtT  }> l
OUTPUT
TOW PHASE
SPEED CORRECTION

FIGURE 6.11 The concept of the experimental implementation of Yen and Carey’s synthetic aperture method is
shown under the same arrangement as the FFTSA method for comparison. (Reprinted by permission of IEEE ©1992.)
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M

B(fo, 6)m = Z b(fo, 85) me €XP(—J Prm) (6.57)

m=1

which assumes that estimates of the phase corrector @, require knowledge of the relative source receiver
speed v or the velocity filter concept, introduced by Yen and Carey.>* The basic difference of this method>*
with the FFTSA® technique is the need to estimate a phase correction factor @, in order to synthesize
the M time-dependent beam patterns. Estimates of ¢, are given by

@, = 2mf,(1+vsind,/c)mt, (6.58)

and the application of a velocity filter concept for estimating the relative source receiver speed, v. This
method has been successfully applied to experimental sonar data, including CW signals, and the related
application results have been reported.1%

6.5.1.3 Nuttall’s MLE Method for Synthetic Aperture Processing

It is also important to mention here the development by Nuttall*? of an MLE estimator for synthetic
aperture processing. This MLE estimator requires the acquisition of very long sensor time series over an
interval T which corresponds to the desired length uT of the synthetic aperture. This estimator includes
searching for the values of @ and w that maximize the term

N-1 M
MLE(w, @ = |At Z exp(4 n(p){ z xn(mAt)exp(—ijtw)J , (6.59)
n=0 m=1
where
— _ Uusing _0 .
w = 2m0%1 il Q= C21'rfosme. (6.60)
Equations 6.59 and 6.60 indicate that the N complex vectors X, (w) = “m"zlxn(tm)exp(—ijt),

which give the spectra for the very long sensor time series x,(t) at w, are phased together by searching @
over (—p, p), until the largest vector length occurs in Equation 6.59. Estimates of (6, f) are determined
from Equation 6.60 using the values of ¢ and w that maximize Equation 6.59. The MLE estimator has
been applied on real sonar data sets, and the related application results have been reported.?

A physical interpretation of the above synthetic aperture methods is that the realistic conditions for
effective acoustic synthetic aperture processing can be viewed as schemes that convert temporal gain to
spatial gain. Thus, a synthetic aperture method requires that successive snapshots of the received acoustic
signal have good cross-correlation properties in order to synthesize an extended aperture and that the
speed fluctuations are successfully compensated by means of processing. It has also been suggested!'-16
that the prospects for successfully extending the physical aperture of a line array require algorithms which
are not based on the synthetic aperture concept used in active radars. The reported results in References
10 to 16, 54, and 55 have shown that the problem of creating an acoustic synthetic aperture is centered
on the estimation of a phase correction factor, which is used to compensate for the phase differences
between sequential line array measurements in order to coherently synthesize the spatial information
into a synthetic aperture. When the estimates of this phase correction factor are correct, then the
information inherent in the synthetic aperture is the same as that of an array with an equivalent physical
aperture.1-16

6.5.1.4 Spatial Overlap Correlator for Synthetic Aperture Processing (ETAM Method)

Recent theoretical and experimental studies have addressed the above concerns and indicated that
the space and time coherence of the acoustic signal in the sea!®-1¢ appears to be sufficient to extend

©2001 CRC Press LLC



the physical aperture of a moving line array. In the above studies, the fundamental question related
to the angular resolution capabilities of a moving line array and the amount of information inherent
in a received signal have been addressed. These investigations include the use of the CRLB analysis
and show that for long observation intervals of the order of 100 s, the additional information provided
by a moving line array over a stationary array is expressed as a large increase in angular resolution,
which is due to the Doppler caused by the movement of the array (see Figure 3 in Reference 12). A
summary of these research efforts has been reported in a special issue of the IEEE Journal of Oceanic
Engineering.* The synthetic aperture processing scheme that has been used in broadband sonar
applications® is based on the extended towed array measurements (ETAM) algorithm, which was
invented by Stergiopoulos and Sullivan.t* The basic concept of this algorithm is a phase correction
factor that is used to combine coherently successive measurements of the towed array to extend the
effective towed array length.

Shown in Figure 6.12 is the experimental implementation of the ETAM algorithm in terms of the line
array speed and sensor positions as a function of time and space. Between two successive positions of
the N sensor line array with sensor spacing &, there are (N-q) pairs of space samples of the acoustic field
that have the same spatial information, their difference being a phase factor''-12% related to the time
delay these measurements were taking. By cross-correlating the (N-q) pairs of the sensor time series that
overlap, the desired phase correction factor is derived, which compensates for the time delay between
these measurements and the phase fluctuations caused by irregularities of the tow path of the physical
array or relative speed between source and receiver; this is called the overlap correlator. Following the
above, the key parameter in the ETAM algorithm is the time increment T = g /v between two successive
sets of measurements, where v is the tow speed and g represents the number of sensor positions that the
towed array has moved during the T seconds or the number of sensors to which the physical aperture of
the array is extended at each successive set of measurements. The optimum overlap size (N-g), which is
related to the variance of the phase correction estimates, has been shown?® to be N/2. The total number
of sets of measurements required to achieve a desired extended aperture size is then defined by J =
(2/N)(Tu/d), where T is the period taken by the towed array to travel a distance equivalent to the desired
length of the synthetic aperture.

Then, for the frequency bin f;and between two successive j and (j + 1)™ snapshots, the phase correction
factor estimate is given by,

N/2

sz (f)xX(J+l)n(f)prn(f)D

l'I',(f) - arg@ N/2 S (661)
0 pi.n(fi) 0
0 zl : 0

where, for a frequency band with central frequency f,and observation bandwidth Af or f, — Af /2 < f;
<f,+ Af/2 , the coefficients

Q/2
%(f)xx(,ﬂ)n(f)
C(f) = i=-0/2
Pi.n(fi) s — (6.62)
* 2
/\/Z "H Z ‘X(j+1),n(fi)‘
i=-Q/2 i=-Q/2

are the normalized cross-correlation coefficients or the coherence estimates between the N/2 pairs of
sensors that overlap in space. The coefficients in Equation 6.62 are used as weighting factors in Equation
6.61 in order to optimally weigh the good against the bad pairs of sensors during the estimation process
of the phase correction factor.
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FIGURE 6.12 Concept of the experimental implementation of ETAM algorithm in terms of towed array positions and speed as a function of time and
space. (Reprinted by permission of IEEE ©1992.)
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The performance characteristics and expectations from the ETAM algorithm have been evaluated
experimentally, and the related results have been reported.t*2% The main conclusion drawn from these
experimental results is that for narrowband signals or for FM type of pulses from active sonar systems,
the overlap correlator in ETAM compensates successfully the speed fluctuations and effectively extends
the physical aperture of a line array more than eight times. On the other hand, the threshold value of
ETAM is -8 dB re 1-Hz band at the sensor. For values of SNR higher than this threshold, it has been
shown that ETAM achieves the theoretical CRLB bounds and it has comparable performance to the
maximum likelihood estimation.?

6.5.2 Adaptive Beamformers

Despite the geometric differences between the line and circular arrays, the underlying beamforming
processes for these arrays, as expressed by Equations 6.11 and 6.12, respectively, are time-delay beam-
forming estimators, which are basically spatial filters. However, optimum beamforming requires the
beamforming filter coefficients to be chosen based on the covariance matrix of the received data by the
N sensor array in order to optimize the array response,’>16 as discussed in Section 6.3.3. The family of
algorithms for optimum beamforming that use the characteristics of the noise are called adaptive beam-
formers.217.18-202223 |n this section, we will address implementation issues for various partially adaptive
variants of the MVDR method and a GSC adaptive beamformer.%%

Furthermore, the implementation of adaptive schemes in real-time systems is not restricted to one
method, such as the MVDR technique that is discussed next. In fact, the generic concept of the sub-
aperture multi-dimensional array introduced in this chapter allows for the implementation of a wide
variety of adaptive schemes in operational systems.”25-28 As for the implementation of adaptive processing
schemes in active systems, the following issues need to be addressed.

For active applications that include matched filter processing, the outputs of the adaptive algorithms
are required to provide coherent beam time series to facilitate the post-processing. This means that these
algorithms should exhibit near-instantaneous convergence and provide continuous beam time series that
have sufficient temporal coherence to correlate with the reference signal in matched filter processing.t

In a previous study,! possible improvement in the convergence periods of two algorithms in the
sub-aperture configuration was investigated. The GSC®*4 coupled with the normalized least mean
square (NLMS) adaptive filter*> has been shown to provide near-instantaneous convergence under
certain conditions.>¥” The GSC/NLMS in the sub-aperture configuration was tested under a variety of
conditions to determine if it could yield performance advantages and if its convergence properties
could be exploited over a wider range of conditions.1¥” The steered minimum variance (STMV)
beamformer is a variant of the MVDR beamformer.3 By applying narrowband adaptive processing on
bands of frequencies, extra degrees of freedom are introduced. The number of degrees of freedom is
equal to the number of frequency bins in the processed band. In other words, increasing the number
of frequency bins processed decreases the convergence time by a corresponding factor. This is due to
the fact that convergence now depends on the observation time bandwidth product, as opposed to
observation time in the MVDR algorithm.38.3

The STMV beamformer in its original form was a broadband processor. In order to satisfy the
requirements for matched filter processing, it was modified to produce coherent beam time series.t The
ability of the STMV narrowband beamformer to produce coherent beam time series has been investigated
in another study.®” Also, the STMV narrowband processor was implemented in the sub-aperture config-
uration to produce near-instantaneous convergence and to reduce the computational complexity
required. The convergence properties of both the full aperture and sub-aperture implementations have
been investigated for line arrays of sensors.>%

6.5.2.1 Minimum Variance Distortionless Response (MVDR)

The goal is to optimize the beamformer response so that the output contains minimal contributions due
to noise and signals arriving from directions other than the desired signal direction. For this optimization
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procedure, it is desired to find a linear filter vector W(f;, 8), which is a solution to the constrained
minimization problem that allows signals from the look direction to pass with a specified gain:'718

Minimize: o2, = W (f, ®)R(f,)W(f,, 8) , subject to W' (f, 8)D(f,,8) = 1 (6.63)

where D(f;, ) is the conventional steering vector based on Equation 6.24. The solution is given by

R™(f)D(f:, 6)

W(f;,0) = — —
D (f,, &)R™'(f)D(f;, 8)

(6.64)

Equation 6.64 provides the adaptive steering vectors for beamforming the received signals by the N
hydrophone line array. Then in the frequency domain, an adaptive beam at a steering 6, is defined by

B(f, 0.) = W (f, 8,)X(f) (6.65)

and the corresponding conventional beams are provided by Equation 6.25.

6.5.2.2 Generalized Sidelobe Canceller (GSC)

The GSC* is an alternative approach to the MVDR method. It reduces the adaptive problem to an
unconstrained minimization process. The GSC formulation produces a much less computationally inten-
sive implementation. In general, GSC implementations have complexity O(N?), as compared to O(N?3)
for MVDR implementations, where N is the number of sensors used in the processing. The basis of the
reformulation of the problem is the decomposition of the adaptive filter vector W(f;, 8) into two
orthogonal components, w and —v, where w and v lie in the range and the null space of the constraint
of Equation 6.63, such that W(f;, 8) = w(f;, 8) —v(f;, 8) . A matrix C, which is called signal blocking
matrix, may be computed from CI = 0, where | is a vector of ones. This matrix C whose columns form
a basis for the null space of the constraint of Equation 6.63 will satisfy v = Cu, where U is defined
below by Equation 6.67. The adaptive filter vector may now be defined as W = W —Ci and yields the
realization shown in Figure 6.13. Then the problem is reduced to the following:

Minimize: o> = {[W—C{] R[W —Cu]} (6.66)

which is satisfied by

Uoy = (C'RC)'C'RW (6.67)

with u,,, being the value of the weights at convergence.

The Griffiths-Jim GSC in combination with the NLMS adaptive algorithm has been shown to yield
near-instantaneous convergence.*4 Figure 6.13 shows the basic structure of the so-called memoryless
GSC. The time delayed by t,(6,) sensor time series defined by Equations 6.5 and 6.23 and Figure 6.3
form the pre-steered sensor time series, which are denoted by x,(t;, 1,(6;)). In the frequency domain,
these pre-steered sensor data are denoted by X, (f;, 6,) and form the input data vector for the adaptive
scheme in Figure 6.13. On the left-hand-side branch of Figure 6.13, the intermediate vector Z(f,, 8,) is
the result of the signal blocking matrix C being applied to the input X(f;, 8,) . Next, the vector Z(f;, 6;)
is an input to the NLMS adaptive filter. The output of the right-hand branch in Figure 6.13 is simply
the shaded conventional output. Then the output of this processing scheme is the difference between the
adaptive filter output and the *“conventional” output:

e(fi, 8)) = b(f, 8) -0 (f;, 8)Z(f, 6,) . (6.68)
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FIGURE 6.13 Basic processing structure for the memoryless GSC. The right-hand-side branch is simply the shaded
conventional beamformer. The left-hand-side branch is the result of the signal blocking matrix (constraints) applied
to pre-steered sensor time series. The output of the signal blocking matrix is the input to the NLMS adaptive filter.
Then, the output of this processing scheme is the difference between the adaptive filter and the conventional output.
(Reprinted by permission of IEEE ©1998.)

The adaptive filter, at convergence, reflects the sidelobe structure of any interferers present, and it is
removed from the conventional beamformer output. In the case of the NLMS, this adaptation process
can be represented by

ux e (f, 0,)
a+X (f, 8)X(f, 6,)

L7]k+1(fi1 es) = Ljk(fiy es) + 2(fil es) (669)

where k is the iteration number, and a is a small positive number designed to maintain stability. The
parameter P is the convergence controlling parameter or “step size” for the NLMS algorithm.

6.5.2.3 Steered Minimum Variance (STMV) Broadband Adaptive Beamformer

Krolik and Swingler® have shown that the convergence time for broadband source location can be
reduced by using the space-time statistic called the steered covariance matrix (STCM). This method
achieves significantly shorter convergence times than adaptive algorithms that are based on the nar-
rowband cross-spectral density matrix (CSDM)*"18 without sacrificing spatial resolution. In fact, the
number of statistical degrees of freedom available to estimate the STCM is approximately the time-
bandwidth product (T x BW) as opposed to the observation time (T = M/F,, F, being the sampling
frequency) in CSDM methods. This provides an improvement of approximately BW, the size of the
broadband source bandwidth, in convergence time. The conventional beamformer’s output in the
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frequency domain is shown by Equation 6.25. The corresponding time domain conventional beam-
former output b(t;, 6;) is the weighted sum of the steered sensor outputs, as expressed by Equation
6.31. Then the expected broadband beam power, B(0), is given by

B(6) = E{[b(6, t)} = h'E{X (t; Ta(8))X(t, Tn(6))} P (6.70)

where the vector h includes the weights for spatial shading.3¢
The term

®(t;, 8) = E{X(t, T1(6.))X (ti, Tn(6:))} (6.71)

is defined as the STCM in the time domain and is assumed to be independent of t; in stationary conditions.
The name STCM is derived from the fact that the matrix is computed by taking the covariance of the
presteered time domain sensor outputs. Suppose X,(f) is the Fourier transform of the sensor outputs
X,(t;), and assume that the sensor outputs are approximately band limited. Under these conditions, the
vector of steered (or time delayed) sensor outputs x,(t;, T,(6,)) can be expressed by

[+H

X(t 1a(89)) = 5 Tl 8,)X(fi) exp(j2mf,t;) (6.72)

k=1

where T(f,, 8) is the diagonal steering matrix in Equation 6.73 below, with elements identical to the
elements of the conventional steering vector D(f;, 0) :

1 0
o) =| © %O (6.73)
0 v dy(f, 0)
Then it follows directly from Equations 6.72 and 6.73 that
I+H
O(Af, 6,) = ZT(fk, B)R(f)T (8,) (6.74)
k=1
where the index k = I, I + 1, ..., | + H refers to the frequency bins in a band of interest Af, and R(f,) is

the CSDM for the frequency bin f,. This suggests that ®(Af, 6,) in Equation 6.71 can be estimated from
the CSDM, R(f,) and T(f,, ) expressed by Equation 6.73. In the STMV method, the broadband spatial
power spectral estimate B(8,) is given by3®

B(6,) = [ o(af, )t ]™. (6.75)

The STMV algorithm differs from the basic MVDR algorithm in that the STMV algorithm yields an
STCM that is composed from a band of frequencies and the MVDR algorithm uses a CSDM that is
derived from a single frequency bin. Thus, the additional degrees of freedom of STMV compared to
those of CSDM provide a more robust adaptive process.

However, estimates of B(0) according to Equation 6.75 do not provide coherent beam time series,
since they represent the broadband beam power output of an adaptive process. In this investigation,* we
have modified the estimation process of the STMV matrix in order to get the complex coefficients of
D(Af,8,) for all the frequency bins in the band of interest.
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The STMV algorithm may be used in its original form to generate an estimate of ®(Af,0) for all the
frequency bands Af across the band of the received signal. Assuming stationarity across the frequency
bins of a band Af, then the estimate of the STMV may be considered to be approximately the same with
the narrowband estimate ®(f,, 8) for the center frequency f, of the band Af. In this case, the narrowband
adaptive coefficients may be derived from

o(f,, Af, 8)'D(f,, 0)

w(f,, 0) = = = , (6.76)
D (f,, 8)d(f,, Af, 0) " D(f,, 6)
The phase variations of w(f,, 8) across the frequency binsi=1,1+1, ..., 1+ H (where H is the number
of bins in the band Af) are modeled by
w,(f, 8) = exp[2rf,W(Af, ©)], i=11+1, ...,1+H (6.77)
where W_(Af, 8) is a time-delay term derived from
W, (Af, ) = F[w,(Af, 8), 21,]. (6.78)

Then, by using the adaptive steering weights w,(Af, 8) that are provided by Equation 6.77, the adaptive
beams are formed as shown by Equation 6.65. Figure 6.14 shows the realization of the STMV beamformer
and provides a schematic representation of the basic processing steps that include

1. Time series segmentation, overlap, and FFT shown by the group of blocks at the top left-hand
side of the schematic diagram in Figure 6.14.

2. Formation of STCM Equations 6.71 and 6.74 shown by the two blocks at the bottom left-hand
side of Figure 6.14.

3. Inversion of covariance matrix using Cholesky factorization, estimation of adaptive steering vec-
tors, and formation of adaptive beams in the frequency domain presented by the middle and
bottom blocks at the right-hand side of Figure 6.14.

4. Formation of adaptive beams in the time domain through IFFT, discardation of overlap, and
concatenation of segments to form continuous beam time series, which is shown by the top right-
hand-side block of Figure 6.14.

The various indexes in Figure 6.14 provide details for the implementation of the STMV processing
flow in a generic computing architecture. The same figure indicates that estimates of the STCM are based
on an exponentially weighted time average of the current and previous STCM, which is discussed in the
next section.

6.6 Implementation Considerations

The conventional and adaptive steering vectors for steering angles 6,, @ discussed in Section 6.4 are
integrated in a frequency domain beamforming scheme, which is expressed by Equations 6.25, 6.28, 6.34,
and 6.65. The beam time series are formed by Equation 6.32. Thus, the frequency domain adaptive and
conventional outputs are made equivalent to the FFT of the time domain beamforming outputs with
proper selection of beamforming weights and careful data partitioning. This equivalence corresponds to
implementing FIR filters via circular convolution.40-4?

Matrix inversion is another major implementation issue for the adaptive schemes discussed in this
chapter. Standard numerical methods for solving systems of linear equations can be applied to solve for
the adaptive weights. The range of possible algorithms includes

+ Cholesky factorization of the covariance matrix R(f;)1"?° allows the linear system to be solved
by backsubstitution in terms of the received data vector. Note that there is no requirement
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FIGURE 6.14 Realization of the steered covariance adaptive beamformer. The basic processing steps include (1) time
series segmentation, overlap, and FFT, shown by the group of blocks at the top left-hand side of the schematic
diagram; (2) formation of STCM, shown by the two blocks at the bottom left-hand side; (3) inversion of covariance
matrix using Cholesky factorization, estimation of adaptive steering vectors, and formation of adaptive beams in the
frequency domain (middle and bottom blocks at the right-hand side); and finally (4) formation of adaptive beams
in the time domain through IFFT, discardation of overlap and concatenation of segments to form continuous beam
time series (top right-hand-side block). The various indexes provide details for the implementation of the STMV
processing flow in a generic computing architecture. (Reprinted by permission of IEEE ©1998.)

to estimate the sample covariance matrix and there is a continuous updating of an existing
Cholesky factorization.

+ QR decomposition of the received vector X(f;) includes the conversion of a matrix to upper
triangular form via rotations. The QR decomposition method has better stability than the
Cholesky factorization algorithm, but it requires twice as much computational efforts than the
Cholesky approach.

« The SVD (singular value decomposition) method is the most stable factorization technique.
It requires, however, three times more computational requirements than the QR decomposi-
tion method.

In this implementation study, we have applied the Cholesky factorization and the QR decomposition
techniques in order to get solutions for the adaptive weights. Our experience suggests that there are no
noticable differences in performance between the above two methods.*

The main consideration, however, for implementing adaptive schemes in real-time systems is associated
with the requirements derived from Equations 6.64 and 6.65, which require knowledge of second-order
statistics for the noise field. Although these statistics are usually not known, they can be estimated from
the received data'’'82 by averaging a large number of independent samples of the covariance matrixes
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R(f,) or by allowing the iteration process of the adaptive GSC schemes to converge.r%" Thus, if K is the
effective number of statistically independent samples of R(f;), then the variance on the adaptive beam
output power estimator detection statistic is inversely proportional to (K — N + 1),171822 where N is the
number of sensors. Theoretical suggestions® and our empirical observations suggest that K needs to be
three to four times the size of N in order to get coherent beam time series at the output of the above
adaptive schemes. In other words, for arrays with a large number of sensors, the implementation of
adaptive schemes as statistically optimum beamformers would require the averaging of a very large
number of independent samples of R(f;) in order to derive an unbiased estimate of the adaptive weights.?®
In practice, this is the most serious problem associated with the implementation of adaptive beamformers
in real-time systems.

Owsley'’2 has addressed this problem with two important contributions. His first contribution is
associated with the estimation procedure of R(f;). His argument is that, in practice, the covariance matrix
cannot be estimated exactly by time averaging because the received signal vector X(f;) is never truly
stationary and/or ergodic. As a result, the available averaging time is limited. Accordingly, one approach
to the time-varying adaptive estimation of R(f;) at time t, is to compute the exponentially time averaged
estimator (geometric forgetting algorithm) at time t, :

R“(f) = UR™(F) + (1— )X (F)X (f) (6.79)

where p is a smoothing factor (0 < p < 1) that implements the exponentially weighted time averaging
operation. The same principle has also been applied in the GSC scheme.*%” Use of this kind of exponential
window to update the covariance matrix is a very important factor in the implementation of adaptive
algorithms in real-time systems.

Owsley’s® second contribution deals with the dynamics of the data statistics during the convergence
period of the adaptation process. As mentioned above, the implementation of an adaptive beamformer
with a large number of adaptive weights in a large array sonar system requires very long convergence
periods that will eliminate the dynamical characteristics of the adaptive beamformer to detect the time-
varying characteristics of a received signal of interest. A natural way to avoid this kind of temporal
stationarity limitation is to reduce the number of adaptive weights requirements. Owsley’s? sub-aperture
configuration for line array adaptive beamforming reduces significantly the number of degrees of freedom
of an adaptation process. His concept has been applied to line arrays, as discussed in References 1 and
37. However, extension of the sub-aperture line array concept for multi-dimensional arrays is not a trivial
task. In the following sections, the sup-aperture concept is generalized for circular, cylindrical, planar,
and spherical arrays.

6.6.1 Evaluation of Convergence Properties of Adaptive Schemes

To test the convergence properties of the various adaptive beamformers of this study, synthetic data
were used that included one CW signal. The frequency of the monochromatic signal was selected to be
330 Hz, and the angle of arrival was at 68.9° to directly coincide with the steering direction of a beam.
The SNR of the received synthetic signal was very high, 10 dB at the sensor. By definition, the adaptive
beamformers allow signals in the look direction to pass undistorted, while minimizing the total output
power of the beamformer. Therefore, in the ideal case, the main beam output of the adaptive beamformer
should resemble the main beam output of the conventional beamformer, while the side beam outputs
will be minimized to the noise level. To evaluate the convergence of the beamformers, two measurements
were made. From Equation 6.68, the mean square error (MSE) between the normalized main beam
outputs of the adaptive beamformer and the conventional beamformer was measured, and the mean of
the normalized output level of the side beam, which is the MSE when compared with zero, was measured.
The averaging of the errors was done with a sliding window of four snapshots to provide a time-varying
average, and the outputs were normalized so that the maximum output of the conventional beamformer
was unity.
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6.6.1.1 Convergence Characteristics of GSC and GSC-SA Beamformers

The GSC/NLMS adaptive algorithm, which has been discussed in Section 6.5.2, and its sub-aperture
configuration denoted by GSC-SA/NLMS were compared against each other to determine if the use of
the sub-aperture configuration produced any improvement in the time required for convergence. Figure
6.15a shows the comparison of the MSE of the main beams of both algorithms for the same step size p,
which is defined in Equation 6.68. The graphs show that the convergence rates of the main beams are
approximately the same for both algorithms, reaching a steady-state value of MSE within a few snapshots.
The value of MSE that is achieved is dictated by the missadjustment, which depends on p. The higher
MSE produced by the GSC-SA algorithm indicates that the algorithm exhibits a higher misadjustment.

Figure 6.15b shows the output level of an immediate side beam, again for the same step size . The
side beam was selected as the beam right next to the main beam. The GSC-SA algorithm appears
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FIGURE 6.15 (a) MSE of the main beams of the GSC/NLMS and the GSC-SA/NLMS algorithms. (b) Sidebeam
levels of the GSC/NLMS and GSC-SA/NLMS algorithms. (Reprinted by permission of IEEE ©1998.)
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superior at minimizing the output of the side beam. It reaches its convergence level almost immediately,
while the GSC algorithm requires approximately 30 snapshots to reach the same level. This indicates
that the GSC-SA algorithm should be superior at canceling time-varying interferers. By selecting a
higher value for y, the time required for convergence will be reduced, but the MSE of the main beam
will be higher.

6.6.1.2 Convergence Characteristics of STMV and STMV-SA Beamformers

As with the GSC/NLMS and GSC-SA/NLMS beamformers, the STMV and the STMV sub-aperture
(STMV-SA) beamformers were compared against each other to determine if there was any improvement
in the time required for convergence when using the sub-aperture configuration. Figure 6.16 shows the

MSE of Main Beam
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FIGURE 6.16 (a) MSE of the main beams of the STMV and the STMV-SA algorithms. (b) Sidebeam levels of the
STMV and STMV-SA algorithms. (Reprinted by permission of IEEE ©1998.)
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comparison of the MSE of the main beams of both algorithms. The graph shows that the STMV-SA
algorithm reaches a steady state value of MSE within the first few snapshots.

The STMV algorithm is incapable of producing any output for at least eight snapshots as tested. Before
this time, the matrices that are used to compute the adaptive steering vectors are not invertible. After
this initial period, the algorithm has already reached a steady state value of MSE. Unlike the case of the
GSC algorithm, the misadjustment from sub-aperture processing is smaller. Figure 6.16b shows the
output level of the side beam for both the STMV and the STMV-SA beamformers. Again, the side beam
was selected as the beam right next to the main beam. As before, there is an initial period during which
the STMV algorithm is computing an estimate of the STCM and is incapable of producing any output;
after that period the algorithm has reached steady state and produces lower side beams than the sub-
aperture algorithm.

6.6.1.3 Signal Cancellation Effects of the Adaptive Algorithms

Testing of the adaptive algorithms of this study for signal cancellation effects was carried out with
simulations that included two signals arriving from 64° and 69°.%” All of the parameters of the signals
were set to the same values for all the beamformers — conventional, GSC/NLMS, GSC-SA/NLMS, STMV,
and STMV-SA. Details about the simulated signal cancellation effects can be found in Reference 37. In
the narrowband outputs of the conventional beamformer, the signals appear at the frequency and beam
at which they were expected. As anticipated, however, the sidelobes are visible in a number of other
beams. The gram outputs of the GSC/STMV algorithm indicated that there is signal cancellation. In each
case, the algorithm failed to detect either of the two CWSs. This suggests that there is a shortcoming in
the GSC/NLMS algorithm when there is strong correlation between two signal arrivals received by the
line array. The narrowband outputs of the GSC-SA/NLMS algorithm showed that in this case the signal
cancellation effects have been minimized and the two signals were detected only at the expected two
beams with complete cancellation of the sidelobe structure. For the STMV beamformer, the grams
indicated a strong sidelobe structure in many other beams. However, the STMV-SA beamformer suc-
cessfully suppresses the sidelobe structure that was present in the case of the STMV beamformer. From
all these simulations,* it is obvious that the STMV-SA beamformer, as a broadband beamformer, is not
as robust for narrowband applications as the GSC-SA/NLMS.

6.6.2 Generic, Multi-Dimensional Sub-Aperture Structure
for Adaptive Schemes

The decomposition of the 2-D and 3-D beamformer into sets of line and/or circular array beamformers,
which was discussed in Section 6.4.2, provides a first-stage reduction of the numbers of degrees of
freedom for an adaptation process. Furthermore, the sub-aperture configuration is considered in this
study as a second stage reduction of the number of degrees of freedom for an adaptive beamformer.
Then, the implementation effort for adaptive schemes in multi-dimensional arrays is reduced to
implementing adaptive processes in line and circular arrays. Thus, a multi-dimensional adaptive
beamformer can now be divided into two coherent modular steps which lead to efficient system-
oriented implementations.

6.6.2.1 Sub-Aperture Configuration for Line Arrays

For a line array, a sub-aperture configuration includes a large percentage overlap between contiguous
sub-apertures. More specifically, a line array is divided into a number of sub-arrays that overlap, as shown
in Figure 6.17. These sub-arrays are beamformed using the conventional approach, and this is the first
stage of beamforming. Then, we form a number of sets of beams with each set consisting of beams that
are steered at the same direction, but with each one of them generated by a different sub-array. A set of
beams of this kind is equivalent to a line array that consists of directional sensors steered at the same
direction, with sensor spacing equal to the space separation between two contiguous sub-arrays and with
the number of sensors equal to the number of sub-arrays. The second stage of beamforming implements
an adaptive scheme on the above kind of set of beams, as illustrated in Figure 6.17.
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FIGURE 6.17 Concept of adaptive sub-aperture structure for line arrays. Schematic diagram shows the basic steps
that include (1) formation of J sub-apertures; (2) for each sub-aperture, formation of S conventional beams; and
(3) for a given beam direction 6, formation of line sensor arrays that consist of J number of directional sensors
(beams). The number of line arrays with directional sensors (beams) are equal to the number S of steered conventional
beams in each sub-aperture. For each line array, the directional sensor time series (beams) are provided at the input
of an adaptive beamformer. (Reprinted by permission of IEEE ©1998.)

6.6.2.2 Sub-Aperture Configuration for Circular Array

Consider a circular array with M sensors as shown in Figure 6.18. The first circular sub-aperture consists
of the first M — G + 1 sensors withn =1, 2, ..., M = G + 1, where n is the sensor index and G is the
number of sub-apertures. The second circular sub-aperture array consists of M — G + 1 sensors with n
=2,3,..., M =G + 2. The sub-aperture formation goes on until the last sub-aperture consists of M —
G + 1 sensors withn = G, G + 1, ..., M. In the first stage, each circular sub-aperture is beamformed as
discussed in Section 6.4.1.2, and this first stage of beamforming generates G sets of beams.
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FIGURE 6.18 Concept of adaptive sub-aperture structure for circular arrays, which is similar to that for line arrays shown in Figure 6.17.

©2001 CRC Press LLC




As in the previous section, we form a number of sets of beams with each set consisting of beams that
are steered at the same direction, but with each one of them generated by a different sub-array. For G <
5, a set of beams of this kind can be treated approximately as a line array that consists of directional
sensors steered at the same direction, with sensor spacing equal to the space separation between two
contiguous sub-arrays and with the number of sensors equal to the number of sub-arrays. The second
stage of beamforming implements an adaptive scheme on the above kind of set of beams, as illustrated
in Figure 6.18, for G = 3.

6.6.2.3 Sub-Aperture Configuration for Cylindrical Array

Consider the cylindrical array shown in Figures 6.6 and 6.19 with the number of sensors [0 = NM, where
N is the number of circular rings and M is the number of sensors on each ring. Let n be the ring index,
m be the sensor index for each ring, and G be the number of sub-apertures. The formation of sub-
apertures is as follows:

The first sub-aperture consists of the first (N — G + 1) rings, wheren =1, 2, ..., N- G + 1. In each
ring we select the first set of (M — G + 1) sensors, wherem =1, 2, ..., M- G + 1. However, each
ring has M sensors, but only (M — G + 1) sensors are used to form the sub-aperture. These sensors
form a cylindrical array cell, as shown in the upper right-hand corner of Figure 6.19.

In other words, the sub-aperture includes the sensors of the full cylindrical array except for G — 1
sensors from G — 1 rings, which are denoted by small circles in Figure 6.19, which have been excluded
in order to form the sub-aperture. Next, the generic decomposition concept of the conventional cylin-
drical array beamformer, presented in Section 6.4.2.1, is applied to the above sub-aperture cylindrical
array cell. For a given pair of azimuth and elevation steering angles {6,, @}, the output of the generic,
conventional, multi-dimensional sub-aperture beamformer provides the beam time series b, - ,(t;, 8, @),
where the subscript g = 1 is the sub-aperture index.

The second sub-aperture consists of the next set of (N - G + 1) rings, wheren=2, ..., N-G + 2. In
each ring we select the next set of (M — G + 1) sensors, where m = 2, ..., M — G + 2. However,
each ring has M sensors, but only (M — G + 1) sensors are used to form the sub-aperture. These
sensors form the second sub-aperture cylindrical array cell.

Again, the generic decomposition concept of the conventional cylindrical array beamformer, presented
in Section 6.4.2.1, is applied to the above sub-aperture cylindrical array cell. For a given pair of azimuth
and elevation steering angles {6,, @}, the output of the generic conventional multi-dimensional sub-
aperture beamformer provides the beam time series b, _ ,(t;, 6, @) with the sub-aperture index g = 2.

This kind of sub-aperture formation continues until the last sub-aperture which consists of a set of
(N -G + 1) rings, where n =G, G + 1, ..., N. In each ring we select the last set of (M - G + 1)
sensors, where m = G, G + 1, ..., M. Please note also that each ring has M sensors, but only (M
— G + 1) sensors are used to form the sub-aperture.

As before, the generic decomposition concept of the conventional cylindrical array beamformer is
applied to the last sub-aperture cylindrical array cell. For a given pair of azimuth and elevation steering
angles {6,, @}, the output of the generic, conventional, multi-dimensional sub-aperture beamformer
would provide beam time series b, - 5(t;, 8, @) with the sub-aperture index g = G.

As in the Section 6.6.2.2, we form a number of sets of beams with each set consisting of beams that
are steered at the same direction, but with each one of them generated by a different sub-aperture
cylindrical array cell. For G < 5, a set of beams of this kind can be treated approximately as a line array
that consists of directional sensors steered at the same direction, with sensor spacing equal to the space
separation between two contiguous sub-aperture cylindrical array cells and with the number of sensors
equal to the number of sub-arrays. Then the second stage of beamforming implements an adaptive scheme
on the above kind of set of beams, as illustrated in Figure 6.19.
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FIGURE 6.19 Coordinate system and geometric representation of the concept of adaptive sub-aperture structure for cylindrical arrays. In this particular example, the number of
sub-apertures was G = 3. The 0 = NM sensor cylindrical array beamformer consists of N circular arrays with M being the number of sensors in each circular array. Then, the sub-
aperture adaptive structure for cylindrical arrays is reduced to the basic steps of adaptive sub-aperture structures for circular and line arrays as defined in the schematic diagrams
of Figure 6.18 and 6.17, respectively. Thus, for a given azimuth @ and elevation ¢, beam steering and G = 3, these steps include (1) formation of a sub-aperture per circular array
with M — G + 1 sensors, (2) for each sub-aperture formation of S conventional beams, and (3) formation of N — G + 1 vertical line sensor arrays that consist of directional sensors
(beams). This arrangement defines a circular sub-aperture. The process is repeated to generate two additional sub-aperture circular arrays. The beam output response of the G =

For each set of three beam time series
having 6, @, azimuth-elevation beam
steering, apply adaptive beamforming

3 sub-aperture circular arrays is provided at the input of a line array adaptive beamformer with G = 3 the number of directional sensors.
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For the particular case shown in Figure 6.19, the second stage of beamforming implements an adaptive
beamformer on a line array that consists of the G = 3 beam time series by (t, 6, @),9=1,2, ..., G. Thus,
for a given pair of azimuth and elevation steering angles {6,, @} the cylindrical adaptive beamforming
process is reduced to an adaptive line array beamformer that includes as input only three beam time
series by (t;, 6, @), g = L, 2, 3 with spacing & = [(R21/M)?+ 8], which is the spacing between two
contiguous sub-aperture cylindrical cells, where (R21¢M) is the sensor spacing in each ring and 9, is the
distance between each ring along z-axis of the cylindrical array. The output of the adaptive beamformer
provides one or more adaptive beam time series with steering centered on the pair of azimuth and
elevation steering angles {6,, @}.

As expected, the adaptation process in this case will have near-instantaneous convergence because of
the very small number of degrees of freedom. Furthermore, because of the generic characteristics, the
proposed 3-D sub-aperture adaptive beamforming concept may include a wide variety of adaptive
techniques such as MVDR, GSC, and STMV that have been discussed in References 1 and 37.

6.6.2.4 Sub-Aperture Configuration for Planar and Spherical Arrays

The sub-aperture adaptive beamforming concepts for planar and spherical arrays are very similar to that
of the cylindrical array. In particular, for planar arrays, the formation of sub-apertures is based on the
sub-aperture concept of line arrays that has been discussed in Section 6.6.2.1. The different steps of sub-
aperture formation for planar arrays as well as the implementation of adaptive schemes on the G beam
time series bg (t, 6, 0),9=1,2, ..., G, that are provided by the G sub-apertures of the planar array, are
similar with those in Figure 6.19 by considering the composition process for planar arrays shown in
Figure 6.7. Similarly, the sub-aperture adaptive concept for spherical arrays is based on the sub-aperture
concept of circular arrays that has been discussed in Section 6.6.2.2.

6.6.3 Signal Processing Flow of a 3-D Generic Sub-Aperture Structure

As was stated before, the disussion in this chapter has been devoted to designing a generic sub-aperture
beamforming structure that will decompose the computationally intensive multi-dimensional beamform-
ing process into coherent subsets of line and/or circular sub-aperture array beamformers for ultrasound,
radar, and integrated active-passive sonar systems. In a sense, the proposed generic processing structure
is an extension of a previous effort discussed in Reference 1.

The previous study! included the design of a generic beamforming structure that allows the imple-
mentation of adaptive, synthetic aperture, and high-resolution temporal and spatial spectral analysis
techniques in integrated active-passive line array sonars. Figure 6.20 shows the configuration of the signal
processing flow of the previous generic structure that allows the implementation of FIR filters and
conventional, adaptive, and synthetic aperture beamformers.14041.42

Shown in Figure 6.21 is the proposed configuration of the signal processing flow that includes the
implementation of line and circular array beamformers as FIR filters.*°-2 The processing flow is for 3-
D cylindical arrays. The reconfiguration of the different processing blocks in Figures 6.20 and 6.21 allows
the application of the proposed configuration to a variety of ultrasound, radar, and integrated active-
passive sonar systems with planar, cylindrical, or spherical arrays of sensors.

As discussed at the beginning of this section, the output of the beamforming processing block in Figure
6.21 provides continuous beam time series. Then the beam time series are provided at the input of a vernier
for passive narrowband/broadband analysis or a matched filter for active applications. This modular struc-
ture in the signal processing flow is a very essential processing arrangement in allowing the integration of
a great variety of processing schemes such as the ones considered in this chapter. The details of the proposed
generic processing flow, as shown in Figure 6.21, are very briefly the following:

+ The first block in Figure 6.21 includes the partitioning of the time series from the receiving sensor
array, the computation of their initial spectral FFT, the selection of the signal’s frequency band of
interest via bandpass FIR filters, and downsampling. The output of this block provides continuous
time series at a reduced sampling rate.*.:42
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FIGURE 6.20 Schematic diagram of a generic signal processing flow that allows the implementation of conventional, adaptive, and synthetic aperture
beamformers in line array sonar and ultrasound systems.
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FIGURE 6.21 Signal processing flow of generic structure decomposing the 3-D beamformer for cylindrical arrays
of sensors into coherent sub-sets of line and circular array beamformers.

* The second and third blocks titled Circular Array Beamformer and Line Array Beamformer provide
continuous directional beam time series by using the FIR implementation scheme of the spatial
filtering via circular convolution.”® The segmentation and overlap of the time series at the input
of each one of these beamformers takes care of the wraparound errors that arise in fast-convolution
signal processing operations. The overlap size is equal to the effective FIR filter’s length.*.42

* The Active block is for the processing of echoes for active sonar and radar applications.

» The Passive block includes the final processing steps of a temporal spectral analysis.

Finally, data normalization processing schemes are being used to map the output results into the
dynamic range of the display devices in a manner which provides a CFAR capability.3*

In the passive unit, the use of verniers and the temporal spectral analysis (incorporating segment overlap,
windowing, and FFT coherent processing) provide the narrowband results for all the beam time series.
Normalization and OR-ing are the final processing steps before displaying the output results. Since a beam
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time sequence can be treated as a signal from a directional sensor having the same AG and directivity pattern
as that of the beamformer, the display of the narrowband spectral estimates for all the beams follows the
so-called GRAM presentation arrangements, as shown in Figures 6.24 to 6.27. This includes the display of
the beam-power outputs as a function of time, steering beam (or bearing), and frequency.®*

Broadband outputs in the passive unit are derived from the narrowband spectral estimates of each
beam by means of incoherent summation of all the frequency bins in a wideband of interest.3 This kind
of energy content of the broadband information is displayed as a function of bearing and time.13443

In the active unit, the application of a matched filter (or replica correlator) on the beam time series
provides coherent broadband processing. This allows detection of echoes as a function of range and
bearing for reference waveforms transmitted by the active transducers of ultrasound, sonar, or radar
systems. The displaying arrangements of the correlator’s output data are similar to the GRAM displays
and include, as parameters, range as a function of time and bearing.!

Next, presented in Figure 6.22, is the signal processing flow of the generic adaptive sub-aperture
structure for multi-dimensional arrays. The first processing block includes the formation of sub-apertures
as discussed in Section 6.6.2. Then the sensor time series from each sub-aperture are beamformed by
the generic, multi-dimensional beamforming structure introduced in Section 6.4 and presented in Figure
6.21. Thus, for a given pair of azimuth and elevation steering angles {6,, @}, the output of the generic,
conventional, multi-dimensional beamformer would provide G beam time series, b, (t;, 6, @), 9 = 1, 2,
..., G. The second stage of beamforming includes the implementation of an adaptive beamformer as
discussed in Section 6.5.2.

For the synthetic aperture processing scheme, however, there is an important detail regarding the seg-
mentation and overlap of the sensor time series into sets of discontinuous segments. It is assumed here that
the received sensor signals are stored as continuous time series. Therefore, the segmentation process of the
sensor time series is associated with the tow speed and the size of the synthetic aperture, as discussed in
Section 6.5.1.4. So, in order to achieve continuous data flow at the output of the overlap correlator, the N
continuous time series are segmented into discontinuous data sets as shown in Figure 6.23. Our implemen-
tation scheme in Figure 6.23 considers five discontinuous segments in each data set. This arrangement will
provide at the output of the overlap correlator 3N continuous sensor time series, which are provided at the
input of the conventional beamformer as if they were the sensor time series of an equivalent physical array.
Thus the basic processing steps include time series segmentation, overlap, and grouping of five discontinuous
segments, which are provided at the input of the overlap correlator, as shown by the group of blocks at the
top part of Figure 6.23. T = M/f; is the length in seconds of the discontinuous segmented time series, and
M defines the size of FFT. The rest of the blocks provide the indexing details for the formation of the
synthetic aperture. These indexes also provide details for the implementation of the segmentation process
of the synthetic aperture flow in a generic computing architecture.

The processing arrangements and the indexes in Figure 6.24 provide the details needed for the mapping
of this synthetic aperture processing scheme in sonar or ultrasound computing architectures. The basic
processing steps include the following:

1. Time series segmentation, overlap, and grouping of five discontinuous segments, which are provided
at the input of the overlap correlator, are shown by the block at the top part of schematic diagram.
Details of this segmentation process are shown also in Figure 6.23.

2. The main block called ETAM: Overlap Correlator provides processing details for the estimation of
the phase correction factor to form the synthetic aperture.

3. Formation of the continuous sensor time series of the synthetic aperture is obtained through IFFT,
discardation of overlap, and concatenation of segments to form continuous time series, which is shown
by the left-hand-side block.

It is important to note here that the choice of five discontinuous segments was based on experimental
observations'®® regarding the temporal and spatial coherence properties of the underwater medium.
These issues of coherence are very critical for synthetic aperture processing, and they have been addressed
in Section 6.4.3.
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FIGURE 6.22 Signal processing flow of a generic adaptive sub-aperture structure for multi-dimensional arrays
of sensors.

6.7 Concept Demonstration: Simulations
and Experimental Results

Performance assessment and testing of the generic sub-aperture multi-dimensional adaptive beamform-
ing structure has been carried out with synthetic and real data sets. The data sets include narrowband
and hyperbolic frequency modulated (HFM) signals for passive and active applications, respectively. For
sonar applications, the frequencies of the passive narrowband signals are taken to be 330 Hz and the
active signal consists of HFM pulses with a pulse-width 8 s long, a 100-Hz bandwidth centered at 330
Hz, with a 120-s pulse repetition period, or pulses with a pulse-width 500 ps long, 10-kHz bandwidth

©2001 CRC Press LLC



OUTPUT OF VERNIER PROVICES
DOWNSAMPLED CONTINUOUS
TIME SERIES FOR ALL THE
N-HYDROPHONES OF AN
APERTURE

l HYDROPHONE INDEX n
T-s 4T-s 16T-s 20T-s
[ A NN TN DU (RN SN NN [ S NN S N S SR T S
- . 1- P 1-5
ey (81) e oy ™ es 6y e o ™ (@s) .
(4-1) (4-2) (4-3) (4-4) (4-5) .
PR TR ki TN NN SHNNE ST T TR SN TR TR TR TN MY M NN M
- 53 |
&N 51 ©2) 5.2 &3 (6.9) 549 6y 55) (g.5)
-1 -2) 7-3) (7-4) (7-5)
(8-1) (8-2) {8-3) (8-4) (8-5)
.
VERNIER'S DOWHNSAMPLED CONTINUOUS TIME SERIES ARE SEGM ENTED INTO .
SETS OF 5 DISCONTINUOUS SEGMENTS OF conds EACH AND WITH 4T-s -
TIME INTERVAL BETWEEN Twosuccsssws nlscounuuous SEGMENTS [mil o e s Cmeti]
EAGH SET OF THESE 5 DISCONTINUCUS SEGMENTS IS DEFINED BY A PAIR OF INDEXes Cime1]
(m-j) WHERE [ime2)-(]
m= 1.2 ..... IS THE INDEX ASSIGNED FOR EACH SET OF THE 5 DISCONTINUOUS SEGMENTS E{"“a}ﬂ

FOR EACH INDEX m n=1 l n=2 n=N l

AT THE INPUT OF ETAM OVERLAP CORRELATOR

FOFI EACH INDEX m WHERE T = M/FSH, AND T
e IS THE LENGTH OF EACH SEGMENT

L1 2, '"'M FSH: IS THE SAMPLING RATE AT
THE QUTPUT OF THE VERNIER

Y{m.l:n(l)

GUTFUT OF ETAM PROVIDES 3N HYDROPHONE DATA IN FREQUENCY DOMAIN Yo (1) = IF me (F1)
PERTURE 3 TIMES LONGER THAN THE PHYSICAL APERTURE |
WHICH FORM AN T;TENDED APERTURE 3 TIMES LONGE SICAL APERTU Fof oot coneANTENATE 1 R
Ym.r (f) g R EEHRNE INDEX FORTHE PROVIDE 3N CONTINUOUS HYOROPHONE
e | |TIME SERiES
=15 THE INDEX FOR THE FREQUENCY BINS
e S ——— e ———

FIGURE 6.23 Schematic diagram of the data flow for the ETAM algorithm and the sensor time series segmentation
into a set of five discontinuous segments for the overlap correlator. The basic processing steps include time series
segmentation, overlap, and grouping of five discontinuous segments, which are provided at the input of the overlap
correlator (shown by group of blocks at the top part of schematic diagram). T = M/f, is the length in seconds of the
discontinuous segmented time series, and M defines the size of FFT. The rest of the blocks provide the indexing
details for the formation of the synthetic aperture. These indexes provide details for the implementation of the
segmentation process of the synthetic aperture flow in a generic computing architecture. The processing flow is
shown in Figure 6.24. (Reprinted by permission of IEEE ©1998.)

centered at 200 kHz, with arbitrary pulse repetition period. For ultrasound applications, the signals
consists of FM pulses with a 4-MHz bandwidth centered at 3 MHz. The scope here is to demonstrate
that the implementation of adaptive schemes (i.e., GSC and STMV) in real-time systems is feasible.
Moreover, it has been shown that the proposed generic configuration of adaptive schemes provides AG
improvements when compared with the performance characteristics of the multi-dimensional conven-
tional beamformer. As for active applications, it has been shown that the adaptive schemes of the proposed
generic sub-aperture structure achieve near instantaneous convergence, which is essential for active
ultrasound, sonar, and radar applications.

The generic adaptive sub-aperture processing structure and the associated signal processing algorithms
were implemented in a computer workstation. The memory of the workstation was sufficient to allow
processing of long, continuous sensor time series. However, the available memory restricts the number
of sensors and the number of steered beams.
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FIGURE 6.24 Schematic diagram for the processing arrangements of the ETAM algorithm. The basic processing steps
include (1) time series segmentation, overlap, and grouping of five discontinuous segments, which are provided at the
input of the overlap correlator, shown by the block at the top part of schematic diagram (details of the segmentation process
are shown also by Figure 6.23); (2) the main block called ETAM: Overlap Correlator, which provides processing details
for the estimation of the phase correction factor to form the synthetic aperture; and finally, (3) generation of the continuous
sensor time series of the synthetic aperture, which are obtained through IFFT, discardation of overlap, and concatenation
of segments to form continuous time series (left-hand-side block). The various indexes provide details for the implemen-
tation of the synthetic processing flow in a generic computing architecture. (Reprinted by permission of IEEE ©1998.)

Nevertheless, the results are sufficient to demonstrate system-oriented applications of the proposed
generic sub-aperture adaptive structure for multi-dimensional arrays of sensors.

6.7.1 Sonars: Cylindrical Array Beamformer

6.7.1.1 Synthetic Data: Passive

A cylindrical array with 160 sensors (16 rings with 10 sensors on each ring) was considered where the
distance between rings along z-axis is taken to be equal to the angular spacing between sensors of the
rings (i.e., 8, = 2TR/M = & = 2.09 m). Continuous sensor time series were provided at the inputs of the
generic conventional and adaptive beamformers with the processing flows as shown in Figures 6.21 and
6.22, respectively. The total number of steering beams for both the adaptive and conventional beam-
formers was 144. For the decomposition process of the generic beamformer, expressed by Equation 6.36,
there were 16 beams steered in the angular sector of 0° to 360° for azimuth bearing and 9 beams formed
in the angular sector of (0° to 180°) for elevation bearing. Thus, the generic beamformer provided 16
azimuth beams for each of the 9 elevation steering angles, giving a total of 144 beams.
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In the upper part of Figure 6.25, the left-hand-side diagram shows the output power of the azimuth
beams at the expected elevation bearing of the signal source for the generic, 3-D cylindrical array
conventional beamformer; the right-hand side of Figure 6.25 shows the output power of the elevation
beams at the expected azimuth angle of the signal source. In both cases, no spatial window has been
applied. The results at the left-hand side of the lower part of Figure 6.25 correspond to the azimuth
beams for the conventional beamformer with Hamming as a spatial window (dotted line) and the adaptive
(solid line) sub-aperture beamformer. In this case, the number of sub-apertures was G = 3, with Hamming
as a spatial window applied on the sub-aperture conventional circular beamformer.

It is apparent by these results that the spatial shading has significantly suppressed the sidelobe structure
of the conventional beamformer and has widened the beam width, as expected.

Moreover, the adaptive beamforming results demonstrate a significant improvement in suppressing
the sidelobe structure as compared with the conventional results. The right-hand side of the lower part

CONVENTIONAL & ADAPATIVE
BEAMFORMER for 3-D Cylindrical Array

PASSIVE: Narrowband Spatial Spectral Results (without Spatial Window)
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FIGURE 6.25 Passive beamforming results for a cylindrical array. The upper part shows azimuth and elevation
bearing response for the proposed generic multi-dimensional beamformer. The lower left-hand side shows beam-
forming results of the conventional beamformer with a spatial window (dotted line) and adaptive (solid line)
beamformers. The lower right-hand side shows elevation bearing response for the conventional cylindrical beam-
former with a spatial window.
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of Figure 6.25 includes elevation bearing response for the conventional beamformer with spatial shading.
At this point, it is important to note that the application of spatial shading on the fully coherent 3-D
cylindrical beamformer would have been a much more elaborate process than the one that has been used
for the generic multi-dimensional beamformer. This is because the decomposition process for the latter
allows two much simpler and separate applications of spatial shading (i.e., one for circular arrays and
the other for line arrays), discussed analytically in Section 6.4.2 and in References 7 and 25 to 28.

Figure 6.26 shows the narrowband spectral estimates of the generic, 3-D cylindrical array conventional
beamformer with Hamming spatial shading for all the azimuth beams according to the so-called GRAM
presentation arrangement, discussed in Section 6.5 and in Reference 34. The GRAMs in Figure 6.26 represent
the spectrograms of the output of the azimuth beams steered at the signal’s expected elevation bearing. The
GRAMs in Figure 6.27 show the corresponding results when the azimuth beams are steered at an elevation
angle which is 55° off the expected elevation bearing of the signal. It is obvious from the results of Figure
6.27 that the AG of the conventional beamformer with spatial shading is not very high.

For the same sensor time series, when the adaptive sub-aperture schemes are implemented in the generic
multi-dimensional beamformer, the corresponding results are shown in Figure 6.28. When the results of
Figure 6.28 are compared with the corresponding conventional results of Figure 6.26, the directional AG
improvements of the generic multi-dimensional beamformer become apparent. In this case, the adaptive
technique was the sub-aperture GSC. As expected and because of the AG improvements provided by the
adaptive scheme, the signal of interest is not present in the GRAMs of Figure 6.29, which provides the
azimuth beams steered at an elevation angle which is 55° off the expected elevation bearing of the signal.
The results of Figure 6.29 are in sharp constrast with those of Figure 6.27 for the conventional beamformer.

An explanation for the poor angular resolution performance of the conventional beamformer requires
interpretation of the results of Figures 6.25 to 6.27. In particular, for the simulated cylindrical array,
Figure 6.25 shows that that conventional beamformer with spatial shading has 13 dB sidelobe suppression
in azimuth beam steering and approximately 60° beam width in elevation. Furthermore, to improve
detection, the power beam outputs shown in the GRAMs of Figures 6.26 and 6.28 have been normalized,*
since this is a typical processing arrangement for operational sonar displays. However, the detection
improvements of the normalization process would enhance the detection of the sidelobe structure shown
in Figure 6.25. Thus, the results of Figures 6.26 and 6.27 provide typical angular resolution performance
characteristics for sonars deploying cylindrical array beamformers.

In summary, the results of Figures 6.25 to 6.29 and appropriate scaling on the actual array dimensions
and the frequency ranges of the signals that have been considered in the simulations may project the
performance characteristics for a variety of sonars deploying cylindrical arrays with conventional or
adaptive beamformers.

6.7.1.2 Synthetic Data: Active

As discussed before, the configuration of the generic beamforming structure providing continuous beam
time series to the input of a matched filter or a temporal spectral analysis unit forms the basis for
integrated active or passive sonar applications. However, before the adaptive aperture processing schemes
are integrated with a matched filter, it is essential to demonstrate that the beam time series from the
outputs of the non-conventional beamformers have sufficient temporal coherence and correlate with the
reference signal. For example, if the signal received by a sonar array consists of FM pulses with a pulse
repetition period of a few minutes, then questions may be raised about the efficiency of an adaptive
beamformer to achieve near-instantaneous convergence in order to provide beam time series with
coherent content for the FM pulses. This is because partially adaptive processing schemes require at least
a few iterations to converge to a sub-optimum solution.

To address this question, the matched filter and the conventional and adaptive beamformers, shown
in Figures 6.21 and 6.22, were tested with simulated data sets including HFM pulses 8-s long with a
100-Hz bandwidth. The pulse repetition period was 120 s. Although this may be considered as a
configuration for bistatic active sonar applications, the findings from this experiment can be applied
to monostatic active sonar systems as well.
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FIGURE 6.26 Narrowband spectral estimates of the generic, 3-D cylindrical array conventional beamformer for all the
azimuth beams steered at the signal’s expected elevation angle. The 25 windows of this display correspond to the 25 steered
beams equally spaced in [1, —1] cosine space. The acoustic field includes two narrowband signals that the very poor angular
resolution performance of the conventional beamformer has failed to resolve.
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FIGURE 6.27 Narrowband spectral estimates of the generic, 3-D cylindrical array conventional beamformer for all the
azimuth beams steered at an elevation bearing which is 55° off the expected signal’s elevation angle. The 25 windows of
this display correspond to the 25 steered beams equally spaced in [1, —1] cosine space. The acoustic field at this steering
does not include signals. However, the very poor sidelobe suppression of the conventional beamformer reveals signals that
do not exist at this steering.
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FIGURE 6.28 Narrowband spectral estimates of the generic, 3-D cylindrical array adaptive (GSC) beamformer for all the
azimuth beams steered at the signal’s expected elevation angle. Input data sets are the same as in Figure 6.24. The 25
windows of this display correspond to the 25 steered beams equally spaced in [1, —1] cosine space. The acoustic field
includes two narrowband signals that the very good angular resolution performance of the sub-aperture adaptive beam-
former resolves the bearings of the two signals.

©2001 CRC Press LLC



Eeam #3 45 0 deg _ Baam #11 223.6 deg.

S5

| ' q{;iﬁﬁ\!?f\-q ﬂ?f
Beam #4 67.0 deg. Beam #12 2475deg

. :r.' 400 r R ‘k & -:|- : 4 b BTN KT T ) '. -

Time (seconds)

~ Beam#7 1350(199“ .
SN RIS ‘!,4.'“

Frequency (Hz) Frequency (Hz)

FIGURE 6.29 Narrowband spectral estimates of the generic, 3-D cylindrical array adaptive (GSC) beamformer for all the
azimuth beams steered at an elevation bearing which is 55° off the expected signal’s elevation angle. Input data sets are
the same as in Figure 6.25. The 25 windows of this display correspond to the 25 steered beams equally spaced in [1, -1]
cosine space. The acoustic field at this steering does not include signals. Thus, the very good sidelobe suppression of the
sub-aperture adaptive beamformer shows that there are no signals present at this steering.
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In Figure 6.30, we will present some results from the output of the active unit of the generic signal
processing structure. Figure 6.30 shows the output of the replica correlator for the conventional and
adaptive beam time series of the sub-aperture GSC and STMV adaptive techniques.»*" In this case,
the steering angles are the same as those of the data sets shown in Figures 6.26 to 6.29. The horizontal
axis in Figure 6.30 represents range or time delay ranging from 0 to 120 s, which is the pulse repetition
period. While the three beamforming schemes provide artifact-free outputs, it is apparent from the
values of the replica correlator output that the conventional beam time series exhibit better temporal
coherence properties than the beam time series of the sub-aperture GSC adaptive beamformer. The
significance and a quantitative estimate of this difference can be assessed by comparing the amplitudes
of the correlation outputs in Figure 6.30. The replica correlator amplitudes are 12.06, 11.81, and 12.08
for the conventional and the adaptive schemes, GSC-SA (sub-Aperture), and STMV-SA (sub-Aperture),
respectively. These results also show that the beam time series of the STMV sub-aperture scheme have
temporal coherence properties equivalent to those of the conventional beamformer, which is the
optimum case.

Conventional

10.0

0.0 Ld

10.0

10.0

Range

FIGURE 6.30 Output of replica correlator for the conventional and sub-aperture adaptive (GSC, STMV) beam time
series of the generic cylindrical array beamformer. The azimuth and elevation beams are steered at the signal’s
expected bearings, which are the same as those in Figures 6.24 to 6.27.

6.7.1.3 Real Data

The proposed system configuration and the conventional and adaptive signal processing structures of
this study were also tested with real data sets from an operational sonar system. Echoes of HFM pulses
were received by a cylindrical array having comparable geometric configuration and sensor arrangements
as discussed in the simulations. Continuous beam time series were provided at the input of the sub-
aperture cylindrical adaptive beamformer with processing flow as defined in Figures 6.21 and 6.22. The
total number of steering beams for both the adaptive and conventional beamformers was 144. Figure
6.30 provides the matched filter output results for a single pulse. Figure 6.31a shows the matched filter
output of the conventional beamformer, and Figure 6.31b shows the output of the sub-aperture STMV
adaptive algorithm.**” The horizontal axis corresponds to the azimuth angular space ranging from 0° to
360°. The vertical axis corresponds to the time delay or range estimate, which is determined by the
location of the pick of the matched filter output, and the grayscales show the magnitude of the matched
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FIGURE 6.31 Shown are the matched filter output of the conventional beamformer (a) and the sub-aperture
STMV adaptive algorithm (b) for a cylindrical array. The horizontal axis refers to the angular space covering the
bearing range of (0°, 360°). The vertical axis refers to time delay or range estimates of the matched filter, and
the grayscales refer to the correlation output. Each vertical color-coded line of Figure 6.31 represents a correlation
output of Figure 6.30 for a given bearing angle. The basic difference between the conventional and adaptive
matched filter output results is that the improved directionality (or array gain) of the adaptive beam time series
localizes the detected HFM pulses and the associated echo returns in a smaller number of beams than the
conventional beamformer.

filter output. In a sense, each vertical color-coded line of Figure 6.31 represents the matched filter output
(e.g., see Figure 6.30) for a given azimuth steering angle.

Since these are unclassified results provided by an operational sonar, there were no real targets present
during the experiments. In a sense, the results of Figure 6.31 present the scattering properties of the
medium as they were defined by the received echoes. Although the results of Figure 6.31 are normalized,*
the amplitudes of the output of the matched filter in Figure 6.31 for the conventional (Figure 6.31a) and
adaptive (Figure 6.31b) beam time series were compared before the use of the normalization processing
and were found to be approximately the same. Again, these results show that the beam time series of the
sub-aperture adaptive scheme have temporal coherence properties equivalent to those of the conventional
beamformer; this was also confirmed with simulated data discussed in Section 6.7.1.2.
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In summary, the basic difference between the conventional and adaptive matched filter output results
is that the improved directionality (or array gain) of the adaptive beam time series localizes the detected
HFM pulses and the associated echo returns more accurately than the conventional beamformer.

This kind of AG improvement, provided by the adaptive beamformer, suppresses the reverberation
effects during active sonar operations; this is confirmed by the results of Figure 6.31. It is anticipated
that the adaptive beamformers will enhance the performance of integrated active-passive and mine-
hunting sonars by means of precise detection and localization of echoes that are embedded in reverber-
ation noise fields.

6.7.2 Ultrasound Systems: Line and Planar Array Beamformers

Performance assessment and testing of the generic sub-aperture adaptive beamformers that have been
discussed in this chapter have been carried out with the following type of simulated ultrasound data:

+ Synthetic data sets that have been generated for an active ultrasound system deploying a line array.
The simulated line array sensor time series included the following:

* Number of sensors, N = 48 sensors.
+ Type of Signal Pulse:

I. CW: Fey, =4 MHz
Pulse Length: T, = 10 ps
Il. FM: F,=3 MHz, BW = 4 MHz
Pulse Length: Try, = 20 us

+ Synthetic data sets that have been generated for an active ultrasound system deploying a planar array.

The active CW and FM pulses were the same. The following two sections present the results of these
two cases.

6.7.2.1 Synthetic Data Results for Ultrasound Systems Deploying Line Arrays

The results presented in this section are divided into two parts. The first part discusses active CW pulses,
which are processed in the same way as in the case of passive narrowband line array sonar applications.
The scope here is to evaluate the angular (azimuth) resolution performance of the

¢ Sub-aperture adaptive beamforming
+ Synthetic aperture beamforming (ETAM algorithm)
+ Combined beamformer consisting of synthetic-aperture and adaptive processing

The impact and merits of these techniques will be contrasted with the angular resolution performance
obtained using the conventional beamformer. For details about the synthetic aperture beamformer, the
reader is asked to see Reference 1. The synthetic aperture scheme is called the ETAM algorithm and has
been tested only with line arrays.11121430 Presented in the second part of this section will be similar results
from active ultrasound applications with matched filter processing and FM-type pulses.

6.7.2.1.1 Narrowband CW Pulses

Figure 6.32 provides the power of the beam response of the beamformers, as defined in Figures 6.21 and
6.22. The results presented in this section are divided into two parts. The first part discusses active CW
pulses, which are processed in the same way as in the case of passive narrowband line array sonar
applications. In particular, Figure 6.32 presents the power of the beam response for

+ A conventional beamformer on a 48-sensor line array (black color)

* A sub-aperture STMV adaptive beamformer on a 48-sensor line array

+ A synthetic aperture (ETAM algorithm) beamformer, which extends the 48-sensor line array into
a synthetic 144-sensor array

+ A combined synthetic aperture and sub-aperture STMV adaptive beamformer
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FIGURE 6.32 Output of beamformers [conventional (black), synthetic aperture, sub-aperture STMV adaptive, and
combined synthetic-aperture/sub-aperture STMV adaptive] applied on a 48-sensor line array of an ultrasound system
with CW pulses of received signals. There are 20 steering beams in a 10° angular sector in the —20° look direction.

At this point, it is important to note that the combined processing operation of a synthetic aperture
and sub-aperture STMV adaptive beamformer was a challenging task to test the coherent properties of
the synergistic functionality of the generic processing structure shown in the upper part of Figure 6.21.
In this case, the output of the synthetic aperture processing scheme provided continuous sensor time
series of a synthesized 144-sensor array, which was derived from the simulated 48-sensor real line array.
Then, the synthesized 144 continuous sensor time series were provided at the input of the sub-aperture
STMV adaptive beamformer.

If the combined signal processing operation between the synthetic aperture and adaptive scheme was
not coherent, then the output of the beamformer would have been reduced to a noisy beam pattern.

In summary, the power beam output results of Figure 6.32 demonstrate that the advanced beam-
formers provide a significantly better beam pattern than that of the corresponding conventional
beamformer. However, the sub-aperture beamforming response is not as good as expected. This is
because the sub-aperture STMV adaptive scheme, discussed in Reference 1, is basically a broadband
beamformer applied on a narrowband type of signals. This is an indication of loss of temporal
coherence in the adaptive beam time series. Loss of temporal coherence in the beam time series is
caused by non-optimum performance and poor convergence of the broadband adaptive schemes when
the input signal is a narrowband CW pulse.
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On the other hand, the synthetic aperture beamformer, as narrowband estimator, provides a very
good angular resolution response, as expected, because of the narrowband coherent characteristics of
the input CW signal. It is equally important to also note that the combined operation of the synthetic
aperture and adaptive processing scheme exhibits a superior angular resolution performance and a
significant suppression of the sidelobe structure with respect to the other beamformers considered in
the investigation.

A common artifact in adaptive beamforming processing applications is the cancellation of a signal of
interest when the interfering noise has the same narrowband characteristics as the signal of interest. The
results in Figure 6.33 provide a performance assessment of the above algorithms in the presence of two
sources radiating the same type of CW signals as defined at the beginning of this section. Furthermore,
the beam output results of the beamformers that have been considered in Figure 6.32 are compared with
the beam output results of the conventional beamformer applied on a three-times-longer simulated
physical line array with 144 sensors.

It is apparent from the results of Figures 6.32 and 6.33 that the generic sub-aperture adaptive beam-
formers of this investigation improve the angular resolution of an N sensor line array by a factor of three.
Therefore, these angular resolution improvements are approximately similar with those of the conven-
tional beamformer applied on a three times longer (144 sensors) line array.

Active Beam Pattern

19.0 ~ -

Correlation (dB)

—5.0 . 1 L | L | s
0 5 10 15 20

Look Direction (—20 degrees)

FIGURE 6.33 Output of beamformers [conventional (black), synthetic aperture, sub-aperture STMV adaptive, and
combined synthetic-aperture/sub-aperture STMV adaptive] applied on a 48-sensor line array of an ultrasound system
with two sources radiating CW pulses. There are 20 steering beams in a 10° angular sector in the —20° look direction.
The results are compared with the output of the beam response of a conventional beamformer applied on a 144-
sensor line array.
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6.7.2.1.2 Broadband FM Pulses

It was discussed in Section 6.6.3 that the configuration of the generic beamforming structure to provide
continuous beam time series at the input of a matched filter and a temporal spectral analysis unit forms
the basis for ultrasound and integrated passive and active sonar applications. For ultrasound imaging
applications, to address this question the matched filter and the sub-aperture adaptive processing scheme,
shown in Figures 6.21 and 6.22, were tested with synthetic data sets including FM pulses, as defined at
the beginning of Section 6.7.2.

Normalization of the output of a matched filter, such as the results of Figure 6.30, and their display
arrangement as GRAMs provide a waterfall display of ranges (depth) as a function of beam steering.
Figure 6.34 shows these results for the correlation outputs of the beamformers shown in Figure 6.33. For
each beamformer, the horizontal axis includes 20 steering beams in a 10° angular sector centered in the
—20° look direction. The vertical axis represents time delay or depth penetration of the signal within a
medium of interest. Thus, the detected echoes along the vertical axis of each window of Figure 6.34
represent reflections from simulated objects or organs. For reference, the results are compared with the

FIGURE 6.34 Outputs of replica correlator for the same beam times series of the beamformers shown in Figure
6.31. For each beamformer, the horizontal axis includes 20 steering beams in a 10° angular sector in the —20° look
direction. The vertical axis represents time delay or depth range. The results are compared with the output of the
beam response of a conventional beamformer applied on a 144-sensor line array (from the left, the last window of
the figure).
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outputs of beams of the conventional beamformer for the simulated 144-sensor line array, shown by the
window at the left-hand side of Figure 6.34.

In summary, the basic difference between the GRAMs of the adaptive processing with those of the
conventional beam time series is that the improved directionality of the sub-aperture adaptive beamformers
localizes the detected FM pulses in a smaller number of beams than the conventional beamformer. A
quantitative assessment of the improved angular resolution performance of the advanced beamformer is
provided by its distinct performance to detect and localize the two simulated echoes that are clearly shown
at the left-hand-side window of Figure 6.34, which is the output for the simulated longer array (144 sensors).

Furthermore, it is anticipated that the directional properties of the non-conventional beamformers would
suppress the anticipated reverberation levels during active ultrasound or sonar operations. Thus, if there
are going to be advantages regarding the implementation of the sub-aperture adaptive beamformers in
ultrasound and active mine warefare sonar applications, it is expected that these advantages will include
minimization of the impact of the medium’s reverberations by means of improved directionality.

6.7.2.2 Synthetic Data Results for Ultrasound Systems Deploying Planar Arrays

Deployment of planar arrays by ultrasound medical imaging systems is gaining increasing popularity
because of their advantage to provide 3-D images of organs under medical examination. However, if we
consider that a state-of-the-art line array ultrasound system consists of 100 sensors, then a planar array
ultrasound system should include at least 10,000 sensors (100 x 100) in order to achieve the angular
resolution performance of a line array system and the additional 3-D image reconstruction capability
provided by the elevation beam steering of a planar array. Thus, increased angular resolution in azimuth
and elevation beam steering for ultrasound systems means larger sensor arrays with consequent technical
and higher cost implications. As discussed in Section 6.5, the alternative is to use synthetic aperture and
sub-aperture adaptive beam processing.

In a simulation study, a planar array with 1024 (32 x 32) sensors was considered that provided
continuous sensor time series at the input of the conventional and sub-aperture adaptive beamformers
with processing flow similar to that shown in Figures 6.21 and 6.22 for a cylindrical array. As in the case
of the cylindrical beamforming results, the power outputs of the beam time series of the conventional
and the sub-aperture adaptive techniques implemented in a planar array demonstrated the same perfor-
mance characteristics with those of Figures 6.25 to 6.34 for the cylindrical array.

6.8 Conclusion

The synthetic and real data results of this chapter indicate that the generic multi-dimensional adaptive
concept addresses practical concerns of near-instantaneous convergence, shown in Figures 6.25 to 6.34,
for ultrasound and integrated active-passive sonar systems. The performance characteristics of the sub-
aperture adaptive beamformer compared with that of the conventional beamformer are reflected as
improvements in directional estimates of azimuth and elevation angles and suppression of reverberation
effects. This kind of improvement in azimuth and elevation bearing estimates is essential for 3-D ultra-
sound, sonar, and radar operations.

In summary, a generic beamforming structure has been developed for multi-dimensional sensor arrays
that allows the implementation of conventional, synthetic aperture, and adaptive signal processing tech-
nigues in integrated active-passive real-time systems. The proposed implementation is based on decom-
posing the 2-D and 3-D beamforming process in subsets of coherent processes and creating sub-aperture
configurations that allow the minimization of the number of degrees of freedom of the adaptive processing
schemes. The proposed approach has been applied to line, planar, and cylindrical arrays of sensors where
the multi-dimensional beamforming is decomposed into sets of line array and/or circular array beam-
formers. Moreover, the application of spatial shading on the generic multi-dimensional beamformer is
amuch simpler process than that of the fully coherent 3-D beamformer. This is because the decomposition
process allows two simple and separate applications of spatial shading (i.e., one for circular and the other
for line arrays).
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The fact that the sub-aperture adaptive beamformers provided AG improvements for CW and HFM
signals under a real-time data flow as compared with the conventional beamformer demonstrates the
merits of these advanced processing schemes for practical ultrasound, sonar, and radar applications. In
addition, the generic implementation scheme of this study suggests that the design approach to provide
synergism between the conventional beamformer, the synthetic aperture, and the adaptive processing
schemes (e.g., see results in Figures 6.21 and 6.22) is an essential property for system applications.

Although the focus of the implementation effort included only a few adaptive processing schemes, the
consideration of other types of spatial filters for real-time ultrasound, sonar, and radar applications
should not be excluded. The objective here was to demonstrate that adaptive processing schemes can
address some of the challenges that the next-generation ultrasound and active-passive sonar systems will
have to deal with in the near future. Once a generic signal processing structure is established, as suggested
in the chapter, the implementation of a wide variety of processing schemes can be achieved with minimum
efforts for real-time systems deploying multi-dimensional arrays. Finally, the results presented in this
chapter indicate that the sub-aperture STMV adaptive scheme addresses the practical concerns of near-
instantaneous convergence associated with the implementation of adaptive beamformers in ultrasound
and integrated active-passive sonar systems.
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Abstract

This chapter summarizes the state-of-the-art application of techniques developed over the recent years
for visualizing volumetric medical data acquired by modern medical imaging modalities such as com-
puted tomography (CT), magnetic resonance angiography (MRA), magnetic resonance imaging (MRI),
nuclear medicine, three-dimensional (3D)-ultrasound, laser confocal microscopy, etc. Although all of
the modalities provide “slices of the body,” significant differences exist between the image content of each
modality. The focus of this chapter is less in explaining algorithms and rendering techniques, but rather
to point out their applicability, benefits, and potential in the medical environment.

In the first part, fundamentals of medical image processing and methods for all steps of the volume
visualization pipeline from data preprocessing to object display are reviewed, with special emphasis on
data structures, segmentation, and surface- and volume-based rendering. Furthermore, volume registra-
tion, intelligent visualization, intervention rehearsal, and aspects of image quality are discussed. In the
second part, applications are illustrated from the areas of craniofacial surgery, traumatology, neurosur-
gery, radiotherapy, and medical education. Further, some new applications of volumetric methods are
presented: 3D ultrasound, laser confocal data sets, and 3D-reconstruction of cardiological data sets, i.e.,
vessels as well as ventricle. These new volumetric methods are currently under development, but due to
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their enormous application potential they are expected to be clinically accepted within the next years.
Finally, in the Appendix, we discuss the most common techniques for medical image pixel brightness
transformation (or image grey scale manipulation techniques [GSMT]), enhancement image processing
(or image filtering), and image restoration.

7.1 Volume Visualization Principles

7.1.1 Introduction

Medical imaging technology has experienced a dramatic change over the past 25 years. Previously, only
X-ray radiographs were available, which showed the depicted organs as superimposed shadows on
photographic film. With the advent of modern computers, new tomographic imaging modalities like CT,
MRI, and positron emission tomography (PET) which deliver cross-sectional images of a patient’s
anatomy and physiology have been developed. These images show different organs free from overlays
with unprecedented precision. Even the 3D structure of organs can be recorded if a sequence of parallel
cross-sections is taken. For many clinical tasks like surgical planning, it is necessary to understand and
communicate complex and often malformed 3D structures. Experience has shown that the “mental
reconstruction” of objects from cross-sectional images is extremely difficult and strongly depends on the
observer’s training and imagination. For these cases, it is certainly desirable to present the human body
as a surgeon or anatomist would see it. The aim of volume visualization (also known as 3D imaging) in
medicine is to create precise and realistic views of objects from medical volume data. The resulting images,
even though they are of course two-dimensional, are often called 3D images or 3D reconstructions to
distinguish them from 2D cross sections or conventional radiographs. The first attempts date back to
the late 1970s, with the first clinical applications reported on the visualization of bone from CT in
craniofacial surgery and orthopedics. Methods and applications have since been extended to other
subjects and imaging modalities. The same principles are also applied to sampled and simulated data
from other domains, such as fluid dynamics, geology, and meteorology.®

7.1.2 Methods

An overview of the volume visualization pipeline is shown in Figure 7.1. After the acquisition of a series
of tomographic images of a patient, the data usually undergo some preprocessing for data conversion
and possibly image filtering. From this point, one of several paths may be followed.

The dotted line in Figure 7.1 represents an early approach where an object is reconstructed from its
contours on the cross-sectional images. All other methods, represented by the solid line, start from a
contiguous data volume. If required, equal spacing in all three directions can be achieved by interpolation.
Like a 2D image, a 3D volume can be filtered to improve image quality. Corresponding to the pixels
(picture elements) of a 2D image, volume elements are called voxels (volume elements).

The next step is to identify the different objects represented in the data volume so that they can be
removed or selected for visualization. The simplest way is to binarize the data with an intensity threshold,
e.g., to distinguish bone from other tissues in CT. For MRI data especially, however, more sophisticated
segmentation methods are required.

After segmentation, there is a choice for which rendering technique is to be used. The more traditional
surface-based methods first create an intermediate surface representation of the object to be shown. It
may then be rendered with any standard computer graphics method. More recently, volume-based
methods have been developed which create a 3D view directly from the volume data. These methods use
the full grey level information to render surfaces, cuts, or transparent and semi-transparent volumes. As
a third way, transform-based rendering methods may be used.

Extensions to the volume visualization pipeline not shown in Figure 7.1, but also covered here, include
volume registration, intelligent visualization, and intervention rehearsal.
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FIGURE 7.1 Overview of the volume visualization pipeline. Individual processing steps may be left out, combined,
or reversed in order by a particular method.

7.1.2.1 Preprocessing

The data we consider usually come as a spatial sequence of 2D cross-sectional images. If they are put on
top of each other, a contiguous grey level volume is obtained. The resulting data structure is an orthogonal
3D array of voxels, each representing an intensity value. This is called the voxel model. Many algorithms
for volume visualization work on isotropic volumes, where the sampling density is equal in all three
dimensions. In practice, however, only very few data sets have this property, especially for CT. In these
cases, the missing information has to be reconstructed in an interpolation step. A quite simple method
is linear interpolation of the intensities between adjacent images. Higher order functions such as splines
usually give better results for fine details.®® Shape-based methods are claimed to be superior in certain
situations;” however, these are dependent on the results of a previous segmentation step.
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With respect to later processing steps such as segmentation, it is often desirable to improve the signal-
to-noise ratio of the data using image or volume filtering. Well-known noise filters are average, median,
and Gaussian filters.?® These methods, however, tend to smooth out small details as well; better results
are obtained with anisotropic diffusion filters which largely preserve object boundaries.3*

7.1.2.1.1 Data Structures for Volume Data
There are a number of different data structures for volume data. The most important are the following:

* Binary voxel model: Voxel values are either 1 (object) or 0 (no object). This very simple model is
not in much use any more. In order to reduce storage requirements, binary volumes may be
subdivided recursively into subvolumes of equal value; the resulting data structure is called an octree.
Grey level voxel model: Each voxel holds an intensity information. Octree representations have also
been developed for grey level volumes.®

Generalized voxel model; In addition to an intensity information, each voxel contains attributes,
describing its membership to various objects and/or data from other sources (e.g., MRI and PET).#
Intelligent volumes: As an extension of the generalized voxel model, properties of anatomical objects
(such as color, names in various languages, pointers to related information) and their relationships
are modeled on a symbolic level.#%8 This data structure is the basis for advanced applications such
as medical atlases discussed later.

7.1.2.2 Segmentation

A grey level volume usually represents a large number of different structures obscuring each other. Thus,
to display a particular one, we have to decide which parts of the data we want to use or ignore. Ideally,
selection would be done with a command like “show only the brain.” This, however, requires that the
computer know which parts of the volume constitute the brain and which do not.

A first step toward object recognition is to partition the grey level volume into different regions which
are homogeneous with respect to some formal criteria and correspond to real anatomical objects. This
process is called segmentation. The generalized voxel model is a suitable data structure for representing
the results. In a further interpretation step, the regions may be identified and labeled with meaningful
terms such as “white matter” or “ventricle.”

All segmentation methods can be characterized as being either “binary” or “fuzzy,” corresponding to
the principles of binary and fuzzy logic, respectively.!?* In binary segmentation, the question whether a
voxel belongs to a certain region is always answered yes or no. This information is a prerequisite, e.g.,
for creating surface representations from volume data. As a drawback, uncertainty or cases where an
object takes up only a fraction of a voxel (partial volume effect) cannot be handled properly. For example,
a very thin bone would appear with false holes on a 3D image. Strict yes-no decisions are avoided in
fuzzy segmentation, where a set of probabilities is assigned to every voxel, indicating the evidence for
different materials. Fuzzy segmentation is closely related to the so-called volume rendering methods
discussed later.

Currently, a large number of segmentation methods for 3D medical images are being developed, which
may be roughly divided into three classes: point-, edge-, and region-based methods. The methods
described often have been tested successfully on a number of cases; experience has shown, however, that
the results should always be used with care.

7.1.2.2.1 Point-Based Segmentation
In point-based segmentation, a voxel is classified depending only on its intensity, no matter where it is
located. A very simple but nevertheless important example, which is very much used in practice, is
thresholding: a certain intensity range is specified with lower and upper threshold values. A voxel belongs
to the selected class if, and only if, its intensity level is within the specified range.

Thresholding is the method of choice for selecting bone or soft tissue in CT. In volume-based rendering,
it is often performed during the rendering process itself so that no explicit sesgmentation step is required.
In order to avoid the problems of binary segmentation, Drebin et al.?* use a fuzzy maximum likelihood
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classifier which estimates the percentages of the different materials represented in a voxel, according to
Bayes’ rule. This method requires that the grey level distributions of different materials be different from
each other and known a priori. This is approximately the case in musculo-skeletal CT.

Unfortunately, these simple segmentation methods are not suitable if different structures have mostly
overlapping or even identical grey level ranges. This situation frequently occurs, e.g., in the case of soft
tissues from CT or MRI. The situation is somewhat simplified if multi-parameter data are available, such
as T,- and T,-weighted images in MRI, emphasizing fat and water, respectively. In this case, individual
threshold values can be specified for every parameter. To somewhat generalize this concept, voxels in an
n-parameter data set can be considered as n-dimensional vectors in an n-dimensional feature space. In
pattern recognition, this feature space is partitioned into subspaces representing different tissue classes or
organs. This is called the training phase. In supervised training, the partition is derived from feature
vectors which are known to represent particular tissues.’** In unsupervised training, the partition is
automatically generated.®® In the subsequent test phase, a voxel is classified according to the position of
its feature vector in the partitioned feature space.

With especially adapted image acquisition procedures, pattern recognition methods have successfully
been applied to considerable numbers of two- or three-parametric MRI data volumes.’*% Quite fre-
quently, however, isolated voxels or small regions are incorrectly classified, such as subcutaneous fat in
the same class as white matter. To eliminate these errors, a connected component analysis (see below) is
often applied.

A closely related method, based on neural network methodology, was developed by Kohonen.5” Instead
of an n-dimensional feature space, a so-called topological map of m x m n-dimensional vectors is used.
During the training phase, the map iteratively adapts itself to a set of training vectors which may either
represent selected tissues (supervised learning) or the whole data volume (unsupervised learning).4115
Finally, the map develops several relatively homogeneous regions which correspond to different tissues
or organs in the original data. The practical value of the topological map for 3D MRI data seems to be
generally equivalent to that of pattern recognition methods.

7.1.2.2.2 Edge-Based Segmentation
The aim of edge-based segmentation methods is to detect intensity discontinuities in a grey level volume.
These edges (in 3D, they are actually surfaces; however, it is common to speak about edges) are assumed
to represent the borders between different organs or tissues. Regions are subsequently defined as the
enclosed areas. A common strategy for edge detection is to locate the maxima of the first derivative of
the 3D intensity function. A method which very accurately locates the edges was developed by Canny.*’
All algorithms using the first derivative, however, share the drawback that the detected contours are
usually not closed, i.e., they do not separate different regions properly. An alternative approach is to
detect zero-crossings of the second derivative. The Marr-Hildreth operator convolves the input data
with the Laplacian of a Gaussian; the resulting contour volume describes the locations of the edges.
With a 3D extension of this operator, Bomans et al. segmented and visualized the complete human
brain from MRI for the first time.}? Occasionally, this operator creates erroneous “bridges” between
different materials which have to be removed interactively. Also, location accuracy of the surfaces is not
always satisfactory.

Snakes*®2 are 2D image curves which are adjusted from an initial approximation to image features by
a movement of the curve caused by simulated forces (Figure 7.2). Image features produce the so-called
external force. An internal tension of the curve resists against highly angled curvatures, which makes the
Snakes movement robust against noise. After a starting position is given, the Snake adapts itself to an
image by relaxation to the equilibrium of the external force and internal tension. To calculate the forces,
an external energy has to be defined. The gradient of this energy is proportional to the external force.
The segmentation by Snakes is due to its 2D definition performed in a slice-by-slice manner, i.e., the
resulting curves for a slice are copied into the neighboring slice and the minimization is started again.
The user may control the segmentation process by stopping the automatic tracking if the curves run out
of the contours and define a new initial curve.
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FIGURE 7.2 The principle of segmentation using Snakes.

For this reason, two methods have been applied to enter an initial curve for the Snake. The first is the
interactive input of a polygon. Since the Snake contracts due to its internal energy, the contour to be
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segmented has to be surrounded by this polygon. The second one is a contour tracing method, using an
A search tree to find the path with minimal costs between two interactively marked points.’®16 The
quality of the result depends on the similarity of two adjacent slices. Normally, this varies within a data
set. Therefore, in regions with low similarity, the slices to be segmented by the interactive method must
be selected rather tightly.

7.1.2.2.3 Region-Based Segmentation

Region-based segmentation methods consider whole regions instead of individual voxels or edges. Since
we are actually interested in regions, this approach appears to be the most natural. Properties of a region
are, e.g., its size, shape, location, variance of grey levels, and its spatial relation to other regions.

A typical application of region-based methods is to postprocess the results of a previous point-based
segmentation step. For example, a connected component analysis may be used to determine whether the
voxels, which have been classified as belonging to the same class, are part of the same connected region.
If not, some of the regions may be discarded.

A practical interactive segmentation system based on the methods of mathematical morphology was
developed by Hohne and Hanson.*® Regions are initially defined with thresholds; the user can subse-
quently apply simple but fast operations such as erosion (to remove small bridges between erroneously
connected parts), dilation (to close small gaps), connected components analysis, region fill, or Boolean
set operations. Segmentation results are immediately visualized on orthogonal cross sections and 3D
images, so that they may be corrected or further refined in the next step (Figure 7.3). With this system,
segmentation of gross structures is usually a matter of minutes. In Reference 101, this approach is extended
to multi-parameter data.

For automatic segmentation, the required knowledge about data and anatomy needs to be represented
in a suitable model. A comparatively simply approach is presented by Brummer et al., who use a fixed
sequence of morphological operations for the segmentation of brain from MRI.1¢ For the same applica-
tion, Raya and Udupa developed a rule-based system which successively generates a set of threshold
values.8 Rules are applied depending on measured properties of the resulting regions. Bomans generates
a set of object hypotheses for every voxel, depending on its grey level.*! Location, surface-to-volume ratio,
etc. of the resulting regions are compared to some predefined values, and the regions are modified
accordingly. Menhardt uses a rule-based system which models the anatomy with relations such as “brain
is inside skull.””® Regions are defined as fuzzy subsets of the volume, and the segmentation process is
based on fuzzy logic and fuzzy topology.

One of the problems of these and similar methods for automatic segmentation is that the required
anatomical knowledge is often represented in more or less ad hoc algorithms, rules, and parameters. A
more promising approach is to use an explicit 3D organ model. For the brain, Atata et al. developed an
atlas of the “normal” anatomy and its variation in terms of a probabilistic spatial distribution obtained
from 22 MRI data sets of living persons.® The model was reported as suitable for the automatic segmen-
tation of various brain structures, including white matter lesions. A similar approach is described in
Reference 56. Automatic segmentation of cortical structures based on a statistical atlas representing several
hundred individuals is presented in Reference 29.

Another interesting idea is to investigate object features in scale-space, i.e., at different levels of image
resolution. This approach allows irrelevant image detail to be ignored. One such method developed by
Pizer et al. considers the symmetry of previously determined shapes, described by medial axes.’?® The
resulting ridge function in scale-space is called the core of an object. It may be used, e.g., for interactive
segmentation, where the user can select, add, or subtract regions or move to larger “parent” or smaller
“child” regions in the hierarchy. Other applications such as automatic segmentation or registration are
currently being investigated.

In conclusion, automatic segmentation systems are not yet robust enough to be generally applicable
to medical volume data. Interactive segmentation, which combines fast operations with the unsurpassed
human recognition capabilities, is still the most practical approach.
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FIGURE 7.3 Results of interactive segmentation of MRI (skin, brain) and MRA (vessels) data.

7.1.2.3 Surface-Based Rendering

The key idea of surface-based rendering methods is to extract an intermediate surface description of the
relevant objects from the volume data. Only this information is then used for rendering. If triangles are
used as surface elements, this process is called triangulation. A clear advantage of surface-based methods
is the possibly very high data reduction from volume to surface representations. Resulting computing
times can be further reduced if standard data structures such as triangle meshes are used with common
rendering hard- and software support. On the other hand, the surface reconstruction step throws away
most of the valuable information on the cross-sectional images. Even simple cuts are meaningless because
there is no information about the interior of an object. Furthermore, every change of surface definition
criteria, such as thresholds, requires a recalculation of the whole data structure.

An early approach for the reconstruction of the polygonal mesh from a stack of contours is based on
the Delauney interpolation developed by Boissinnat.® Using this heuristic method, the volume of the
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FIGURE 7.4 The virtual patient.

contours is computed by a 3D triangulation which allows an extraction of the surface of the object. Figure
7.4 shows the result of the triangle reduced surface of the Virtual Human Project patient.

A more recent method by Lorensen and Cline, called Marching Cubes algorithm, creates an iso-surface,
representing the locations of a certain intensity value in the data.’® This algorithm basically considers a
cube of 2 x 2 x 2 contiguous voxels. Depending on whether one or more of these voxels are inside the
object (i.e., above a threshold value), a surface representation of up to four triangles is placed within the
cube. The exact location of the triangles is found by linear interpolation of the intensities at the voxel
vertices. The result is a highly detailed surface representation with subvoxel resolution (Figure 7.5).
Surface orientations are calculated from grey level gradients. Meanwhile, a whole family of similar
algorithms has been developed.8.118.122

Applied to clinical data, the Marching Cubes algorithm typically creates hundreds of thousands of
triangles. As has been shown, these numbers can be reduced considerably by a subsequent simplification
of the triangle meshes, without much loss of information.1%312 The reduction method can be parame-
terized and thus allows deriving models of different levels of detail.

7.1.2.3.1 Shading

In general, shading is the realistic display of an object based on the position, orientation, and character-
istics of its surface and the light sources illuminating it.32 The reflective properties of a surface are described
with an illumination model such as the Phong model, which uses a combination of ambient light and
diffuse (like chalk) and specular (like polished metal) reflections. A key input into these models is the
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FIGURE 7.5A Triangulated portion of the brain from MRI, created with the Marching Cubes algorithm.

local surface orientation, described by a normal vector perpendicular to the surface. The original Marching
Cubes algorithm calculates the surface normal vectors from the grey level gradients in the data volume,
described later.

7.1.2.4 Volume-Based Rendering

In volume-based rendering, images are created directly from the volume data. Compared to surface-
based methods, the major advantage is that all grey level information, which has originally been
acquired, is kept during the rendering process. As shown by Héhne et al.,*” this makes it an ideal
technique for interactive data exploration. Threshold values and other parameters, which are not
clear from the beginning, can be changed interactively. Furthermore, volume-based rendering allows
a combined display of different aspects such as opaque and semi-transparent surfaces, cuts, and
maximum intensity projections. A current drawback of volume-based techniques is that the large
amount of data, which has to be handled, does not allow real-time applications on present-day
computers.
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FIGURE 7.5B Shaded portion of the brain from MRI, created with the Marching Cubes algorithm.

7.1.24.1 Scanning the Volume

In volume-based rendering, we basically have the choice between two scanning strategies: pixel by pixel
(image order) or voxel by voxel (volume order). These strategies correspond to the image and object
order rasterization algorithms used in computer graphics.®? In image order scanning, the data volume is
sampled on rays along the view direction. This method is commonly known as ray casting:*’

FOR each pixel on image plane DO
FOR each sampling point on associated viewing ray DO
compute contribution to pixel
The principle is illustrated in Figure 7.6. Along the ray, visibility of surfaces and objects is easily
determined. The ray can stop when it meets an opaque surface. Yagel et al. extended this approach to a

full ray tracing system which follows the viewing rays as they are reflected on various surfaces.'?> Multiple
light reflections between specular objects can thus be handled.
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FIGURE 7.6 Principle of ray casting for volume visualization. In this case, the object surface is found using an
intensity threshold.

Image order scanning can be used to render both voxel and polygon data at the same time.53
Image quality can be adjusted by choosing smaller (oversampling) or wider (undersampling) sam-
pling intervals.6282 As a drawback, the whole input volume must be available for random access to
allow arbitrary view directions. Furthermore, interpolation of the intensities at the sampling points
is required. A strategy to reduce computation times is based on the observation that most of the
time is spent traversing empty space, far away from the objects to be shown. If the rays are limited
to scan the data only within a predefined bounding volume around these objects, scanning times are
greatly reduced.*

In volume order scanning, the input volume is sampled along the lines and columns of the 3D array,
projecting a chosen aspect onto the image plane in the direction of view:

FOR each sampling point in volume DO
FOR each pixel projected onto DO

compute contribution to pixel

©2001 CRC Press LLC



The volume can either be traversed in back-to-front (BTF) order from the voxel with maximal to the
voxel with minimal distance to the image plane or vice versa in front-to-back (FTB) order. Scanning the
input data as they are stored, these techniques are reasonably fast, even on computers with small main
memory, and especially suitable for parallel processing. So far, ray casting algorithms still offer a higher
flexibility in combining different display techniques. However, volume rendering techniques working in
volume order are also available.*?

7.1.2.4.2 Shaded Surfaces

Using one of the described scanning techniques, the visible surface of an object can be determined with
a threshold and/or an object label. Unfortunately, using object labels will introduce a somewhat blocky
appearance of the surface, especially when zooming into the scene. An algorithm which solves this
problem, based on finding an iso-intensity surface, is presented in Reference 61.

As shown by Hohne and Bernstein,* a very realistic and detailed presentation is obtained if the grey
level information present in the data is taken into account. Due to the partial volume effect, the grey
levels in the 3D neighborhood of a surface voxel represent the relative proportions of different materials
inside these voxels. The resulting grey level gradients can thus be used to calculate surface inclinations.
The simplest variant is to calculate the components of a gradient G for a surface voxel at (i, j, k) from
the grey level g of its six neighbors along the main axes as

Gx=g(i+1,jk —g(i-1,j,k)
Gy=9(i,j+1,k) -g@i,j-1k)
Gz=g(,j,k+1)-g(,j k=-1)

Scaling G to unit length yields the normal surface. The grey level gradient may also be calculated from
all 26 neighbors in a 3 x 3 x 3 neighborhood, weighted according to their distance from the surface
voxel.’® Aliasing patterns are thus almost eliminated. A different approach is to use the first derivative
of a higher order interpolation function, such as a cubic spline.58

7.1.2.4.3 Cut Planes

Once a surface view is available, a very simple and effective method to visualize interior structures is
cutting. When the original intensity values are mapped onto the cut plane, they can be better under-
stood in their anatomical context.*” A special case is selective cutting, where certain objects are excluded
(Figure 7.7).

7.1.2.44 Maximum Intensity Projection

For small, bright objects such as vessels from MRA, maximum intensity projection (MIP) is a suitable
display technique. Along each ray through the data volume, the maximum grey level is determined and
projected onto the image plane. The advantage of this method is that neither segmentation nor shading
is needed, which may fail for very small vessels. But there are also some drawbacks: as light reflection is
totally ignored, MIP does not give a realistic 3D impression. Spatial perception can be improved by
rotating the object or by a combined presentation with other surfaces or cut planes.*

7.1.2.45 \olume Rendering

Volume rendering is the visualization equivalent to fuzzy segmentation. For medical applications, these
methods were first described by Drebin et al.* and Levoy.5? A commonly assumed underlying model is
that of a colored, semi-transparent gel with suspended low-albedo (low-reflectivity) particles.® Illumina-
tion rays are partly reflected and change color while traveling through the volume.

Each voxel is assigned a color and an opacity. This opacity is the product of an “object weighting
function” and a “gradient weighting function.” The object weighting function is usually dependent on
the grey level, but it can also be the result of a more sophisticated fuzzy segmentation algorithm. The
gradient weighting function emphasizes surfaces for 3D display. All voxels are shaded, using the grey
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FIGURE 7.7 Brain from MRI. Original intensity values are mapped onto the cut planes.

level gradient method. The shaded values along a viewing ray are weighted and summed up. A
somewhat simplified basic equation modeling frontal illumination with a ray casting system is given
as follows:

intensity = intensity of reflected light

p = index of sampling point on ray (0 ... max. depth)
| = fraction of incoming light (0.0 ... 1.0)

a = local opacity (0.0 ... 1.0)

S = local shading component

intensity (p, 1) =a(p) O & (p) + (1.0 — a(p)) Dintensity (p + 1 (1.0 — a(p)) O)
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The total reflected intensity as displayed on a pixel of the 3D image is given as intensity (0, 1.0). Since
binary decisions are avoided in volume rendering, the resulting images do not show pronounced artifacts
such as jagged edges and false holes. On the other hand, a number of superimposed, more or less
transparent surfaces are often hard to understand. Spatial perception can be improved by rotating the
object. Another problem is the large number of parameters, which have to be specified to define the
weighting functions. Furthermore, volume rendering is comparably slow because weighting and shading
operations are performed for many voxels on each ray.

7.1.2.5 Transform-Based Rendering

While both surface- and volume-based rendering are operated in a 3D space, 3D images may also be
created from other data representations. One such method is frequency domain rendering, which creates
3D images in Fourier space, based on the Fourier projection-slice theorem.2 This method is very fast,
but the resulting images are somewhat similar to X-ray images, lacking real depth information.

A more promising approach is wavelet transforms. These methods provide a multi-scale representation
of 3D objects, with the size of the represented detail locally adjustable. Thus, the amount of data and
rendering times may be dramatically reduced. Application to volume visualization is discussed in Refer-
ences 74 and 75.

7.1.2.6 Volume Registration

For many clinical applications, it is desirable to combine information from different imaging modalities.
For example, for the interpretation of PET images, which show only physiological aspects, it is important
to know the patient’s morphology, as shown in MRI. In general, different data sets do not match
geometrically. Therefore, it is required to transform one volume with respect to the other. This process
is known as registration. The transformation may be defined by using corresponding landmarks in both
data sets.3 In a simple case, external markers attached to the patient are available which are visible on
different modalities. Otherwise, arbitrary pairs of matching points may be defined. A more robust
approach is to interactively match larger features such as surfaces (Figure 7.8), or selected internal features
such as the AC-PC line (anterior/posterior commissure) in brain imaging.1® All these techniques may
also be applied in scale-space at different levels of resolution.”

In a fundamentally different approach, the results of a registration step are evaluated at every point
of the combined volume using voxel similarity measures, based on intensity values.1%7120 Starting from a
coarse match, registration is achieved by adjusting position and orientation until the mutual information
between both data sets is maximized. Since these methods are fully automatic and do not rely on a
possibly erroneous definition of landmarks, they are increasingly considered superior. A comparison of
various approaches is found in Reference 130.

7.1.2.7 Intelligent Visualization

Knowledge for the interpretation of the 3D images described so far still has to come from the observer.
In contrast, the 3D brain atlas VOXEL-MANY/brain shown in Figure 7.9 is based on an intelligent volume
(see Section 7.1.2.1.1), which has been prepared from an MRI data set.*>#* It contains spatial and symbolic
descriptions in terms of anatomical objects, their relationships, etc. of morphology, function, and blood
supply. The brain may be explored on the computer screen in a style close to a real dissection and may
be queried at any point. Besides, in education,? such atlases are also a powerful aid for the interpretation
of clinical images.1®

If high-resolution cryosections such as those created in the Visible Human Project of the National
Library of Medicine!® are used, even more detailed and realistic atlases can be prepared.:1° An example
image from the VOXEL-MAN Junior/Inner Organs atlas®” is shown in Figure 7.10. The technical back-
ground of the VOXEL-MAN Junior atlases,?*¢” based on precalculated QuickTime VR image matrices, is
presented in Reference 104.
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FIGURE 7.8 Volume registration of different imaging modalities MRI, showing morphology, is combined with an
FDG-PET, showing the glucose metabolism of a volunteer. Since the entire volume is mapped, the activity can be
explored at any location.

7.1.2.8 Intervention Rehearsal

So far, we have focused on merely visualizing the data. A special case is to move the camera inside the
patient for virtual endoscopy.® Besides, in education, potential applications are in non-invasive proce-
dures, such as interventional radiology (Figure 7.11), gastrointestinal diagnosis, and virtual colonoscopy.

A step further is to manipulate the data at the computer screen for surgery simulation. These techniques
are most advanced for craniofacial surgery, where a skull is dissected into small pieces and then rearranged
to achieve a desirable shape (Figure 7.12). Several systems have been designed based on the binary voxel
model1% or polygon representations.!® Pflesser et al. developed an algorithm which handles full grey
level volumes.®* Thus, all features of volume-based rendering, including cuts and semi-transparent
rendering of objects obscuring or penetrating each other, are available.

Another promising area is the simulation of soft tissue deformation. This may be due to applying force,
e.g., using surgical tools,* or as a consequence of an osteotomy, modifying the underlying bone structures.!

7.1.2.9 Image Quality

For applications in the medical field, it is mandatory to assure that the 3D images show the true anatomical
situation or to at least know about their limitations. A common approach for investigating image fidelity

©2001 CRC Press LLC



lefi anteror cerebral artery

left middle cerebral artery

Isual word center

Bl posterior cerebral artery

visual receiving ca

FIGURE 7.9 Exploration of a brain atlas. Arbitrary cutting reveals the interior. The user has accessed information
available for the optic nerve concerning functional anatomy, which appears as a cascade of pop-up menus. He has
asked the system to colormark some blood supply areas and cortical regions. He can derive from the colors that the
visual word center is supplied by the left middle cerebral artery.

is to compare 3D images rendered by means of different algorithms. This method, however, is of limited
value since the truth is usually not known. A more suitable approach is to apply volume visualization
techniques to simulated data,®®851% and to data acquired from corpses.?>41.798392 |n both cases, the actual
situation is available for comparison. In a more recent approach, the frequency behavior of the involved
operations is investigated.%88

Another aspect of image quality is image utility, which describes whether an image is really useful for
a viewer with respect to a certain task. Investigations of 3D image utility in craniofacial surgery may be
found in References 2, 105, and 114.
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FIGURE 7.10 Dissection of the visible human. Used in a state-of-the-art visualization environment, these data
represent a new quality of anatomical imaging.

7.2 Applications to Medical Data

7.2.1 Radiological Data

At first glance, one might expect diagnostic radiology to be the major field of application for volume
visualization in medicine. In general, however, this is not the case. One of the reasons is clearly that
radiologists are especially skilled in reading cross-sectional images. Another reason is that many diagnostic
tasks such as tumor detection and classification can be done based on cross-sectional images. Further-
more, 3D visualization of these objects from MRI requires robust segmentation algorithms which are
not yet available. A number of successful applications are presented in Reference 94.

The situation is generally different in all fields where therapeutical decisions have to be made by non-
radiologists on the basis of radiological images.“¢12” A major field of application for volume visualization
methods is craniofacial surgery.22264128 \fjolume visualization not only facilitates understanding of patho-
logical situations, but is also a helpful tool for planning optimal surgical access and cosmetic results of
an intervention. A typical case is shown in Figure 7.12. Dedicated procedures for specific disorders have
been developed,% which are now in routine application.

An application that is becoming more and more attractive with the increasing resolution and
specificity of MRI is neurosurgery planning. Here, the problem is to choose a proper access path to a
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FIGURE 7.11 Virtual catheter examination of a large aneurysm of the right middle cerebral artery, based on CT angiography: (top left) inner
structure of the blood vessels as seen from a virtual catheter camera; (top right) 3D overview image showing the blood vessels in relation to the
cranial base; (bottom) corresponding MIP images in different orientations. The current position and view direction of the camera are indicated
by arrows.
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FIGURE 7.12A Craniofacial surgery simulation of a complex congenital malformation of a 7-month-old patient. A
CT data set was used to simulate a classic floating-forehead procedure. A frontobasal segment of the skull (shown
as a wire mesh) was cut and can be moved in any direction. (Figure 7.12B) Corresponding intra-operative view.

lesion (Figure 7.11). 3D visualization of brain tissue from MRI and blood vessels from MRA before
surgical intervention allows the surgeon to find a path with minimal risk in advance.?*2 In combi-
nation with an optical tracking system, the acquired information can be used to guide the surgeon
during the intervention. In conjunction with functional information from PET images, localization
of a lesion is facilitated (Figure 7.8). The state of the art in computer-integrated surgery is presented
in Reference 108.

Another important application that reduces the risk of a therapeutical intervention is radiotherapy
planning. Here, the objective is to focus the radiation as closely as possible to the target volume, while
avoiding side effects in healthy tissue and radiosensitive organs at risk. 3D visualization of target volume,
organs at risk, and simulated radiation dose allows an iterative optimization of treatment plans.50:5599.102

Applications apart from clinical work include medical research (Figure 7.8) and education (Figure
7.10). In the current decade of brain research, exploring and mapping brain functions is a major issue
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FIGURE 7.12B Craniofacial surgery simulation of a complex congenital malformation of a 7-month-old patient.
Corresponding intra-operative view of Figure 7.12A.

(Figure 7.9). Volume visualization methods provide a framework to integrate information obtained
from such diverse sources as dissection, functional MRI, or magnetoencephalography.it!

7.2.4 3D Ultrasound

7.2.4.1 Introduction

3D ultrasound is a very new and interesting application in the area of “tomographic” medical imaging,
able to become a fast, non-radiative, non-invasive, and inexpensive volumetric data acquisition technique
with unique advantages for the localization of vessels and tumors in soft tissue (spleen, kidneys, liver,
breast, etc.). In general, tomographic techniques (CT, MR, PET, etc.) allow for a high anatomical clarity
when inspecting the interior of the human body (Figure 7.13).

In addition, they enable a 3D reconstruction and examination of regions of interest, offering obvious
benefits (reviewing from any desired angle; isolation of crucial locations; visualization of internal struc-
tures; “fly-by;” accurate measurements of distances, angles, volumes, etc.).

The physical principle of ultrasound is as follows:”? sound waves of high frequency (1 to 15 MHz)
emanate from a row of sources that are located on the surface of a transducer which is in direct contact
with the skin (Figure 7.14). The sound waves penetrate the human tissue, traveling with a speed of
1450 to 1580 m/s, depending upon the type of tissue. The sound waves are reflected partially if they
hit an interface between two different types of tissue (e.g., muscle and bone). The reflected wavefronts
are detected by sensors (microphones) located next to the sources on the transducer. The intensity of
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FIGURE 7.13 Gradual transition between surface and MIP visualization of a gamma camera data set of the pelvis.
The heart, kidneys, liver, and spleen are visible. Three hemangiomas can be seen in the MIP mode.

reflected energy is proportional to the sound impedance difference of the two corresponding types of
tissue and depends on the difference of the sound impendances Z, and Z,:

et
l, = 1, O——= (7.1)
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+ ==
z
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FIGURE 7.14 The principal function of ultrasound.

An image of the interior structure can be reconstructed based upon the total traveling time, the
(average) speed, and the energy intensity of the reflected waves. The resulting 3D images essentially
represent hidden internal “surfaces.” The principle is similar to radar, with the difference being that it
uses mechanical instead of electromagnetic waves.

7.2.4.2 Collecting 3D Ultrasound Data

In contrast to the common 2D case where a single image slice is acquired, 3D ultrasonic techniques
cover a volume within the body with a series of subsequent image slices. The easiest way to collect 3D
ultrasound data is to employ a Kretz Voluson 530 device. This is a commercially available device which
allows direct acquisition of a whole volume area instead of a single slice. The principle of the Kretz
device is based on a mechanical movement of the transducer during acquisition along a rotational or
sweep path (see Figure 7.15)

W\
\

FIGURE 7.15 Different mechanical scanning methods.
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The advantage of the Kretz system lies in its high decision and commercial availability. Its disadvantage
is that the rather high system price makes it somehow difficult to purchase for physicians. The alternative
is a free-hand scanning system which allows the upgrade of virtually any existing conventional (2D)
ultrasound system to full 3D-capabilities. Such an update can be done exclusively by external components
and hence does not require any manipulation of the existing hardware and software configuration. After
the upgrade, the ultrasound equipment can be operated in both the 2D as well as the 3D mode almost
simultaneously. Switching from the 2D to the 3D mode requires only a mouse click. As a result, the
familiar 2D examination procedure remains unchanged, and the physician can switch on the 3D mode
only when this is necessary. The system architecture is illustrated in Figure 7.16. The upgrade requires
the employment of two external components:

1. A 6-degrees-of-freedom (6DOF) tracking system for the transducer — Such a tracking system is
mounted on the transducer and follows very precisely its position and orientation in 3D space.
Thus, each 2D image is associated with corresponding position and orientation coordinates. The
physician can now move the transducer free-hand over the region under examination. Commer-
cially, several different types of 6DOF tracking systems exist: mechanical arms, electromagnetic
trackers, and camera-based trackers (infrared or visible light).

2. An image digitalization and volume rendering system — This component consists of a frame
grabber, a workstation or PC with sufficient memory and processor power, a serial interface, and
the usual peripheral devices (monitor, mouse, printer, etc.). The video output of the 2D ultrasound
machine is connected to the frame grabber, and the 6DOF tracker is connected to the serial input.
Every 2D image presented on the ultrasound screen is digitized in real time and stored together
with its corresponding tracker coordinates in the memory. After finishing the scanning procedure,
all acquired 2D slices are combined into a 3D volume sample of the examined area. This volume
data set is then further processed.

7.2.4.3 Visualization of 3D Ultrasound

One of the major reasons for the limited acceptance of 3D ultrasound to date is the complete lack of an
appropriate visualization technique able to display clear surfaces out of the acquired data. The very first
approach was to use well-known techniques, such as those used for MRI and CT data, to extract surfaces.
Such techniques, reported in more detail in the first part of this chapter, include binarization, iso-
surfacing, contour connecting, marching cubes, and volume rendering either as a semi-transparent cloud
or as fuzzy gradient shading.5! Manual contouring is too slow and impractical for real-life applications.
Unfortunately, ultrasound images possess several features that cause all these techniques to fail totally.
The general appearance of a volume rendered 3D ultrasound data set is that of a solid block covered

FIGURE 7.16 A grey image of the liver (left), the corresponding opacity values (middle), and a volume rendered
data set (right). Note the high opacity values along the interface between data and empty space (middle) causing a
solid “curtain” obscuring the volume interior (right).
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with “noise snow” (Figure 7.16, right). The most important of these features, as reported in References
95 and 97, are

1. Significant amount of noise and speckle

2. Much lower dynamic range as compared to CT or MR

3. High variations in the intensity of neighboring voxels, even within homogeneous tissue areas

4. Boundaries with varying grey level caused by the variation of surface curvature and orientation
to the sound source

5. Partially or completely shadowed surfaces from objects closer and within the direction of the
sound source (e.g., a hand shadows the face)

6. The regions representing boundaries are not sharp, but show a width of several pixels

Poor alignment between subsequent images (parallel-scan devices only)

8. Pixels representing varying geometric resolutions, depending on the distance from the sound
source (fan-scanning devices only)

~

The next idea in dealing with ultrasound data was to improve the quality of the data during a
preprocessing step, i.e., prior to reconstruction, segmentation, and volume rendering. When filtering
medical images, a trade-off between image quality and information loss must always be taken into
account. Several different filters have been tested: 3D Gaussian for noise reduction, 2D speckle removal
for contour smoothing, and 3D median for both noise reduction and closing of small gaps caused by
differences in the average luminosity between subsequent images;® other filters such as mathematical
topology and extended threshold-based segmentation have been tested as well. The best results have been
achieved by combining Gaussian and median filters (see Figure 7.17).

However, preprocessing of large data sets (a typical 3D volume has a resolution of 256° voxels)
requires several minutes of computing, reduces the flexibility to interactively adjust visualization
parameters, and aliases the original data. For solving these problems, interactive filtering techniques

FIGURE 7.17 Volume rendering after off-line 3D median and 3D Gaussian filtering. From left to right: unfiltered
and median with a width of 33, 5%, and 73. In the lower row, the same data after additional Gaussian filtering with a
width of 32,
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FIGURE 7.18 On-line filtering of the face of a fetus. This filtering is completed in less than 5 s.
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FIGURE 7.19 Fetal face before (left) and after (middle) removing the right hand and the remaining artifacts (right).
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FIGURE 7.20 On-line mixing between surface and MIP models. This operation is performed in real time.
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based on multi-resolution analysis and feature extraction have been developed, allowing a user-
adjustable, on-line filtering within a few seconds and providing an image quality comparable to the
off-line methods® (see Figures 7.18, 7.19, and 7.20).

In order to remove artifacts remaining in the image after filtering, semi-automatic segmentation has
been applied because of the general lack of a reliable automatic technique. A segmentation can be provided
by using the mouse to draw a few crude contours (see Reference 95 for more details). The diagnostic
value of surface reconstruction in prenatal diagnosis so far has been seen in the routine detection of
small irregularities of the fetal surface, such as cheilo-gnatho-(palato)schisis or small (covered) vertebral
defects, as well as in a better spatial impression of the fetus as compared to the 2D imaging. A useful
side effect is a psychological one, the pregnant woman gets a plastic impression of the unborn.>* Figure
7.21 compares an image reconstructed from data acquired in the 25th week of pregnancy with a photo
of the baby 24 h after birth. The resolution of the data was 256 x 256 x 128 (8 Mbytes); the time for
volume rendering one image with a resolution of 3002 pixels was about 1 s on a Pentium PC.

FIGURE 7.21 Comparison of a volume reconstructed from 3D ultrasound data acquired during the 25th pregnancy
week (3.5 months before birth) with a photograph of the same baby taken 24 h after birth.

Figure 7.22 shows several other examples of fetal faces acquired at the Mannheim Clinic. It is important
to note that these data sets have been acquired under routine clinical conditions, and, therefore, they can
be regarded as representative. On average, 80% of the acquired volumes can be reconstructed within ca.
10 min with an image quality comparable to that shown in Figure 7.22. All cases where the fetus was
facing the abdominal wall could be reconstructed successfully.

Under clinical aspects, further work should be aimed toward a better distinction and automatic
separation of surfaces lying close together and showing relatively small grey scale differences. The recon-
struction of surfaces within the fetus, e.g., organs, is highly desirable. Surface properties of organs, but
also of pathological structures (ovarian tumors etc.), might give further information for the assessment
of the dignity of tumors.

7.2.,5 3D Cardiac Reconstruction from 2D Projections

Different imaging modalities are applied in order to acquire medical data. In terms of the human heart,
3D tomographic imaging techniques are not yet f for resolving either moving coronary arte ries
or the changing volume of the heart ventricles.

The golden standard for diagnosis of coronary artery disease or volumetry is X-ray angiography,
recently combined with intra-vascular ultrasound (IVUS).®° The main benefit of this technique is the
high spatial and temporal resolution, as well as high image contrast.
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FIGURE 7.22 Six different examples of fetal faces acquired under daily clinical routine conditions.

For treatment planning of angioplasty or bypass surgery or for volumetry, sequences of X-ray images
are traditionally acquired and evaluated. Despite the high quality of angiograms, an exact judgment of
pathological changes (e.g., stenosis) requires a large amount of experience on the part of the cardiologist.

In order to improve the diagnostic accuracy, 3D reconstruction from 2D coronary angiograms appears
desirable.r*” In general, two different approaches can be distinguished. The stereoscopic or multi-scopic
determination of ray intersections is a method which makes it necessary to identify correspondent features
within different images. If this correspondence is impossible to establish, back-projection techniques®
are more suitable. The choice of using either the stereoscopic or the back-projection approach mainly
depends on the following criteria:

1. Number of images: For the stereoscopic approach at least two images are necessary to perform
the reconstruction. In order to achieve good results by using back-projection techniques, more
than 20 images are necessary.

2. Relative orientation: A small, relative orientation results in low accuracy for both stereoscopic
and back-projection techniques. Nevertheless, the necessity of a large parallax angle is higher for
back-projection techniques.

3. Morphology: In order to reconstruct objects which are composed of a number of small, structured
parts, stereoscopic techniques are more appropriated. On the other hand, large objects with low
structure are easier to reconstruct by back-projection techniques.

4. Occluding objects: Occluding objects cause problems when using stereoscopic methods. In con-
trast, back-projection techniques are able to separate different objects which lie on the same
projection ray.

Since the choice of the right technique strongly depends on the current application, both approaches
will be described briefly in the following sections.
7.2.5.1 Model-Based Restoration of Teeth

7.25.1.1 Introduction
An important goal in image processing of medical images, in addition to the analysis of the images, is
the reconstruction and visualization of the scanned objects. The results assist the physician in making a
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diagnosis and, therefore, contribute to an improved treatment. By means of the reconstruction, it is
possible to produce implants made to measure and adjusted to the individual patient’s anatomy. There-
fore, the object is scanned and afterward reconstructed. Then a high-quality implant is produced using
the information of the 3D model. One field of application, where this method gained wide currency, is
the restoration of teeth by range images.*®

7.25.1.2 Related Work

The CEREC system, one of the most popular methods for the restoration of teeth, was introduced by
Brandestini and colleagues.t®*** It was developed at the University of Zlrich in cooperation with the
Brains company (Brandestini Instruments of Switzerland). Today, the CEREC system is developed by
Sirona, and in the latest version, it is possible to make crown restorations. Due to the complicated
interactive construction process, the surface of the occlusal part of the inlay often has to be modeled
manually after the inlay is inserted into the cavity of the prepared tooth.

The Minnesota system, developed from Rekow®™ at the University of Minnesota, uses affine transforma-
tions of a 3D model tooth to adapt it to the scanned tooth. Instead of covering all kinds of tooth restorations,
they consider mainly the production of crowns. The system of Duret et al., 2”2 developed in cooperation
with the French company Hennson, works similar to the Minnesota system. They use affine transformations
to produce crowns and small bridges.®® In addition, they use the range image of an intact tooth to determine
the occlusal surface of the inlay by 2D free-form deformations based on extracted feature points.

7.25.1.3 Occlusal Surface Restoration

Automatic occlusal surface reconstruction for all kinds of tooth restorations is an important ongoing research
topic. It is undisputed that an automation of a restoration system is only possible if the typical geometry of
teeth is known by the system. One realizable approach is the restoration of the occlusal surface by adapting
an appropriate tooth model. Therefore, the starting point for automatic restorations is the theoretical tooth.3’
After positioning and scaling the tooth model, adjustments to the individual patient’s anatomy are necessary
to get a smooth join of the inlay with the undamaged parts of the real occlusal surface. A description of the
method is given in References 37 and 38. The processing pipeline is shown in Figure 7.23.
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FIGURE 7.23 Occlusal surface restoration using a tooth model (heavy arrows indicate design loop).
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7.25.1.4 Data Acquisition

For the 3D surface measurements of teeth, we use a new optical 3D laser scanner based on the principle
of triangulation. Shaded areas due to steep inclines can be avoided by combining two scans from different
directions.”” The measurement time for 250,000 surface points is about 30 s. The distance between two
scanned points is 27 m, and the scanner has a vertical resolution less than 1 m.

7.25.1.5 The Geometrically Deformable Model

For the purpose of shape modification, a 3D adaptation of a geometrically deformable model (GDM) is
employed. GDMs were introduced by Miller et al.>" for the segmentation and visualization of 2D- and
3D objects. Riickert®* uses GDMs for the segmentation of 2D medical images. Glirke® extends the model
by introducing free-function assignment in the control points in order to integrate a priori knowledge
about the object.

7.25.1.6 Optimization Methods

It has been shown that the segmentation process of Miller et al.’® is very susceptible to noise and artifacts.
The reason lies in the usage of the Hillclimbing process. Riickert provided as an improvement the
simulated annealing optimization. In theory, this method always finds the global minimum of a function.
Due to the enormous complexity of our functions, we decided on the usage of simulated annealing as
the optimization method.

7.25.1.7 Cavity Detection

In order to avoid a slip of the GDM into the cavity during the adaptation process, there has to be a
mechanism to detect the control points of the GDM lying above a cavity. Later, we use this information
to calculate the surface of the inlay. We decided on a criterion based on a distance measurement and
an adaptive threshold. The threshold depends on the actual mean error calculated in the control points
of the GDM.

The detected control points are labeled and removed from the deformation process. In the nonla-
belled control points, we store the actual deformation vectors. After we pass all control points in the
deformation step, we calculate the deformation vectors for the labeled control points by a weighted
Shepard interpolation.

7.25.1.8 Results

The images we used in our experiments were captured with a 3D laser scanner at the dental school of
Munich and registrated with the Sculptor system 77 at the Fraunhofer Institute for Computer Graphics
in Germany.

In Figure 7.24, you can see the range image of a prepared first upper molar (top). For better visibility
of details, the rendered image is shown on the bottom.

Figure 7.25 shows the results of the deformations in the different resolutions starting with the initial
model and terminating after four refinement steps.

The adaptation process terminates after a sufficient degree of refinement is reached. In our case, we
finished after four refinement steps, respectively, five deformation steps. Figure 7.26 shows a 3D view of
the reconstructed chewing surface.

Finally, we are able to calculate the inlay by using the information of the range image and the 3D
model of the reconstructed occlusal surface. Figure 7.27 shows a volume representation of the inlay.

Figure 7.28 shows the result of a dental restoration of a first lower molar. Following the arrows, you
can see, on the left side, the original prepared tooth; then different views of the reconstruction; and
finally, the corresponding views of the resulting inlay. The whole process took 21 s on a SPARC 10
workstation, and we obtained an average error of 25 pm.

7.2.5.2 Reconstruction of Coronary Vessels

In this section, a method of reconstructing the 3D appearance of the coronary arteries, based on a
sequence of angiograms, acquired by rotating a monoplane system around the heart, will be described.
In order to determine the exact phase of the heart cycle for each image, an ECG is recorded
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FIGURE 7.24 Range image and corresponding rendered image of a prepared tooth with a cavity.

simultaneously. In order to minimize user interaction and a priori knowledge introduced into the
reconstruction process,* a new method has been developed and implemented. The technique requires
a minimum of user interaction limited to the segmentation of vessels in the initial image of each
angiographic sequence. The segmentation result is exploited in the entire series of angiograms to
track each individual vessel. In contrast to the assumption for 3D reconstruction of objects from
multiple projections, coronary arteries are not rigid. Due to the deterministic nature of the mobility
of the heart with respect to the phase of the heart motion, distinct images are used, showing the
heart at the same phase of the cardiac cycle.

The different processing steps used for reconstructing the 3D geometry of the vessel are shown
in Figure 7.29 and are discussed later.*® In order to separate the vessel tree to be reconstructed, the
image has to be segmented. The major drawback of most of the existing segmentation algorithms
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FIGURE 7.25 Result of the adaptation process in the form of triangular meshes.

FIGURE 7.26 3D view of the reconstructed
occlusal surface. FIGURE 7.27 Volume representation of the calculated inlay.
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FIGURE 7.28 Dental restoration of a first lower molar.
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FIGURE 7.29 Processing steps used to reconstruct the 3D geometry of the coronary vessels.
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is either a very limited amount of variation in the input data amenable to processing by a fully
automatic algorithm or the necessity of extensive user assistance. The approach leads to a compro-
mise in which the user only identifies a very small number of points interactively. The segmentation
process is separated into the detection of the vessel centerline and evaluation of the vessel contour.
The algorithm works with a cost-minimizing A search tree,’s16 which proves to be robust against
noise and may be fully controlled by the user. Snakes track the obtained structure over the angio-
graphic sequence.

Reconstruction is based on the extracted vessel tree structures, the known relative orientation (i.e.,
the angle) of the projections, and the imaging parameters of the X-ray system. The 3D reconstruction
is performed from images of identical heart phases. It begins with the two projections of the same phase,
defining the largest angle.

The obtained result is improved afterward by introducing additional views. Applying a 3D optimization
techniques the shape of a 3D Snake is adapted according to multiple 2D projections.*? The obtained 3D
structure can be either visualized by performing a volume rendering or, in order to be presented within
VR systems, transferred into a polygonal representation.

Besides the 3D geometry of the coronary vessels, the trajectories of distinct points of the vessels are
determined during the tracking process. As a result, these trajectories can be used to simulate the
movement of the vessel caused during the heartbeat (Figure 7.30, bottom row).

7.2.5.3 Reconstruction of Ventricles

Beside the stereoscopic or multi-scopic feature-based approach, the 3D structure can also be obtained
using densitometric information. This technique, also known as the back-projection method, does not
need any a priori knowledge or image segmentation. Similar to CT, the 3D information is obtained by
determining the intensity of a volume element according to the density of the imaged structure. The
intensity of each pixel within the angiogram correlates to the amount of X-ray energy, which is received
at the image amplifier. This energy depends on the density and the absorption capabilities of the traversed
material. As a result, a pixel represents the sum of the transmission coefficients of the different materials
which are pierced by the X-ray. For homogeneous material and parallel mono-chromatic X-rays, the
image intensity can be described by the rule of Lambert-Beer:®

I = 1e™ (7.2)
| = image intensity
ly = initial intensity
K = absorption coefficient of the structure
v = density of the structure
d = thickness of the structure

If the X-ray travels through a material with varying densities, Equation 7.2 has to be split into parts
with constant density. The total amount of transmitted intensity is the sum of these different parts.

I =Tee—Zipvid; (7.3)

To improve the image quality, contrast agent is injected during the acquisition process. For this purpose,
a catheter is positioned in front of the ventricles (see Figure 7.31).

Applying the back-projection technique, the distribution of the coefficients can be determined. During
the acquisition process, the X-ray system is rotated around the center of the heart (see Figure 7.32).

In order to reconstruct the appropriate intensities of the heart, all the images are translated into the
center of rotation (see Figure 7.33); thus, according to the amount of images, a cylinder is defined by a
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FIGURE 7.30 Reconstructed vessels rendered by InViVo
(top: combined presentation of the volume rendered
reconstruction result and angiograms; bottom: some
frames of the 3D movement simulation).

number of sampling planes. The complete volume of the cylinder can now be determined. Therefore, all
the rays starting from the X-ray source and intersecting a distinct voxel are accumulated and weighted
according to the intensity of the different planes. Continuing this process for all the voxels of the cylinder,
by taking the projection geometry into account by introducing a cone filter,5 the intensity of each cylinder
voxel can be determined. The obtained volume data can be visualized using a volume rendering technique
and can be segmented by Snakes (Figure 7.34).

7.2.6 Visualization of Laser Confocal Microscopy Data Sets

Structures in the microscopic scale nerve cells, tissue and muscles, blood vessels, etc. show beautiful,
complex, and still mostly unexplored patterns usually with higher complexity than those of organs.
In order to understand the spatial relationship and internal structure of such microscopic probes,
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FIGURE 7.31 Angiograms acquired by the biplane X-ray system.
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FIGURE 7.33 Translation of the angiograms in order to determine the voxel intensities.
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FIGURE 7.34 Volume rendering of the intensities obtained by the back-projection techique.

tomographic series of slices are required in analogy to the tomographies used for organs and other

macroscopic structures.
Laser confocal microscopy is a relatively new method, allowing for a true tomographic inspection of

microscopic probes. The method operates according to a simple, basic principle.?

A visible or ultraviolet laser emission is focused on the first confocal pinhole and then onto the
specimen as a diffraction-limited light spot (see Figure 7.35). The primary incident light is then reflected
from particular voxel elements or emitted from fluorescent molecules excited within it. Emissions from

Laser

Dichroic Mirror

not in focus
FIGURE 7.35 Principle of laser confocal microscopy.
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the object return along the primary laser light pathway and depart from it by lateral reflection from (or
passage through, depending on the instrument) a dichroic mirror onto the second confocal pinhole. This
aperture is confocal with the in-focus voxel elements in the specimen. The virtual elimination by defo-
cusing of all distal and proximal flanking emissions at this physical point assures that the light passing
onto the detector, a sensitive photodetector or camera, is specifically derived from in-focus object voxels
with a resolution, e.g., in the Leica instrument, approaching 200 to 400 nm in the x/y and z directions,
respectively. In order to image the entire object, the light spot is scanned by a second mirror in the x/y
plane in successive z sections by means of a precision stage motor. Rapid scanning preserves fluorescent
intensity, but must be reconciled with image quality. The storage, retrieval, and manipulation of light
intensity information from the object make static and dynamic 3D imaging possible.

Although not perfect, the new method shows several significant benefits as compared to the traditional
procedures. The most important of these benefits are the following: true tomographic method, significant
freedom in choosing slice thickness and size, trivial registration of slices, very fast and easy in operation,
capable of acquiring in vivo cells as well as static or dynamic structures, and non-destructive. Finally, by
using different types of laser and fluorophore materials, different spatially overlapping structures can be
visualized and superimposed within the same probe.

The data acquired with laser confocal microscopy (LCM) show several characteristics requiring spe-
cialized treatment in order to make the method applicable:

1. Typical data sets have a large data size with a resolution of 5122 x 64 pixels. These pixels are colored;
thus, a typical RGB data set requires some 50 Mbytes of memory. Obviously, data sets of this size
require efficient processing methods.

2. These characteristics of low-contrast, low-intensity gradients and a bad signal-to-noise ratio make
a straightforward segmentation between the structures of interest and the background (e.g., by
using thresholding, region growing, homogeneity, color differences, etc.) impossible. All these
methods listed apply more or less to binary decision criteria whether a pixel/voxel belongs to the
structure or not. Such criteria typically fail when used with signals showing the characteristics
listed above.

3. Due to unequal resolutions in the plane and the depth directions, a visualization method has to
be able to perform with “blocks” or unequal size lengths instead of with cubic voxels. Resampling
of the raw data to a regular cubic field will further reduce the signal quality, introduce interpo-
lation artifacts, and generate an even larger data set, probably too large to be handled with
conventional computers.

4. Regarding the quality, artifacts have to be avoided as far as possible. Introducing artifacts in an
unknown structure will often have fatal effects on their interpretation, since the human observer
does not always have the experience for judging the correctness or the fidelity of the presented
structures. As an example, an obvious artifact caused by bas parameter settings of the software
during the visualization of human anatomy (e.g., of a head) is immediately detected by the
observer, since the human anatomy is well known and such artifacts are trivially detected. This is
not the case when inspecting an unknown data set.

5. Choosing the “correct” illumination model (e.g., MIP, semi-transparent, surface, etc.) has a sig-
nificant impact on the clarity and information content of the visualization. Again, due to the lack
of experience such a decision is typically much more difficult than in the case of anatomic
tomographic data.

6. The speed of visualization becomes the most crucial issue. The visualization parameters have to
be adjusted in an interactive, trial-and-error procedure. This can take a very long time if, e.g.,
after an adjustment the user has to wait for several minutes to see the new result. Furthermore,
inspection of new, unknown structures requires rapid changing of directions, illumination con-
ditions, visualization models, etc. Looping and stereo images are of enormous importance for
understanding unknown, complicated spatial structures.
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FIGURE 7.36 The wire-like structure of the astrocyte cytoskeleton of the same probe. Resolution of 335 x 306 x 67
voxels with a size of 0.162 x 0.2 pm. Upper left, a single slice; upper right, surface reconstruction; lower left, MIP;
lower right, transmission illumination models.

The main requirement here is to employ a fast volumetric method which allows interactive and intuitive
parameter settings during the visualization session. Detailed results of the employed volume visualization
are reported in Reference 96. Figures 7.36 and 7.37 present a microscopic preparation of the tubular
structure of a cat retina. The data set consist of 335 x 306 x 67 voxels, each with a dimension of
0.162 x 0.2 pm. The first image presents the extracellular component of the blood vessel. The vessel
diameter before the branch point is 19 um. The second image shows the wire-like structure of the astrocyte
cytoskeleton. Both data sets originate from the same probe. In all subsequent images, the difference of
the visualization between slicing, MIP, surface, and semi-transparent methods is shown.

Figure 7.38 shows the complicated structure of nerve cells networks. The resolution of the data set is
25 Mbytes (5122 x 100 voxels). As one can see on Figure 7.38, upper left, single slices are not able to
provide full understanding of the complicated topology. The three other images of Figure 7.38 show in
much better detail the internal structure of the cell network.

LCM plays a fundamental role for gathering in vivo data about not only static, but also dynamic
structures, i.e., structures existing typically only within living cells and for a very short period of time
(e.g., for a few seconds). Such structures are common in several biological applications. In the case
referred to here, we present temporary structures formed by polymerized actin, a structure necessary for
cell movements.

Figures 7.39 and 7.40 demonstrate the importance of LCM data visualization for detecting unknown
structures. In this case, we studied actin filaments in Dictyostelium amoebae with time periods ranging
from 10 to 100 s. The data resolution is 512 x 484 x 43 voxels = 10 Mbytes. Note the structure of the
surface visible in the “surface volume rendering” image. These structures are hardly visible and, therefore,
are difficult to detect when regarding individual slices.

©2001 CRC Press LLC



FIGURE 7.37 The extracellular component of a retina blood vessel of a cat. Resolution of 335 x 306 x 67 voxels
with a size of 0.162 x 0.2 um. Upper left, a single slice; upper right, surface reconstruction; lower left, MIP; lower
right, transmission illumination models.

FIGURE 7.38 The complicated topology of nerve cell networks. Resolution 5122 x 100 voxels = 25 Mbytes. Upper
left, a single slice; upper right, surface reconstruction; lower left, MIP; lower right, transmission illumination models.
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FIGURE 7.39 F-actin structures in Dictyostelium amoebae, resolution 512 x 484 x 43 voxels = 10 Mbytes. Upper
left, a single slice; upper right, surface reconstruction; lower left, MIP; lower right, transmission illumination models.

FIGURE 7.40 F-actin structures. Resolution 512 x 484 x 70 voxels = 16.5 Mbytes. Upper left, a single slice; upper
right, surface reconstruction; lower left, MIP; lower right, transmission illumination models.
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7.2.7 Virtual Simulation of Radiotherapy Treatment Planning

Radiation therapy (RT) is one of the most important techniques in cancer treatment. RT involves several steps
which mainly take place in three equipment units: the CT unit, the simulator unit, and the treatment unit.

Before the patient goes to the treatment unit and the actual RT takes place, the treatment plan of the
RT must be prepared (RTP). The RTP is performed on the simulator. The simulator machine can perform
exactly the same movements and achieve the same position for the patient’s RT as the treatment machine,
but it uses conventional, diagnostic X-rays instead of high-energy treatment rays.

The conventional simulation of the RT process has several limitations, mainly due to physical move-
ment of the components of the simulator (e.g., gantry and table) and the long period of time the patient
must remain in the simulator unit.

7.2.7.1 Current Clinical Routine of Radiation Therapy
Today the general procedure of an RT treatment is the following (see Figure 7.41):

1. Move patient to the simulator. Physicians locate the region of interest (ROI, such as tumor) using
the traditional X-ray fluoroscopy (diagnostic imaging).

2. Move patient to the CT scanner. In both rooms, simulator unit and CT scanner, an identical laser
system is installed defining the so-called “world coordinates.” Physicians place the patient on the
CT table in such a way that the CT laser coordinate system matches with the skin markers on the
patient. This will assure to recover the patient position from Step 1.

3. Physicians analyze the ROI and define the target volume(s) and the critical organ(s) on each CT
slice. Then treatment parameters are selected.

4. Move patient to the simulator again. Physicians simulate the treatment plan to verify its effective-
ness using X-rays instead of treatment rays. The treatment field is documented on X-ray films,
and skin markers are placed on the patient’s body. If the treatment plan is successfully verified,
then the patient goes to the treatment unit; otherwise, Step 3 must be resumed.

5. Move patient to the treatment unit. Physicians carry out the actual RT treatment according to the
RTP derived during the previous steps.

Planning

Diagnostic Treatment Verifying Radiation
Tools : Simulator # cT Simulator Treatment Unit

SEBARAALLL AL BBARLS

FIGURE 7.41 Clincal RT routine.

7.2.7.2 Proposed “Virtual Simulation”
The general procedure of the virtual radiation treatment planning is the following (see Figure 7.42):

1. Move patient to the CT scanner. Physicians digitize the patient using spiral CT.

2. Transfer patient’s CT data to the virtual simulator (VS). Physicians create the therapy plan on the
VS using an interactive 3D planning and visualization interface. The VS system supports the
aspects: VS interaction, digital reconstructed radiograph (DRR), and visualization, target volumes
delineation beam shape design, and orientation determination in 3D space.

3. Move patient to the irradiation machine, where physicians carry out the real treatment on the patient.
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FIGURE 7.42 Virtual RT.

Onessignificant feature of RTP systems (compared with other graphics applications) is that they support
two rendering views: “beam’s eye view” (BEV) and “observer’s eye view” (OEV). In BEV, the patient’s
image is reconstructed as if the observer eye is placed at the location of the radiation source looking out
along the axis of the radiation beam. The BEV window is used to detect the ROI and to define the target
volume (tumor). However, BEV alone is insufficient for defining the ROI. Therefore, the OEV is also
used as a second indicator to investigate the interaction among treatment beam, target volume (tumor),
and its surrounding tissue (see Figure 7.43).

7.2.7.3 Digital Reconstruction Radiograph

Ina Vs, DRR (or X-ray) images, with which physicians are familiar, are required. In EXOMIO, two kinds
of volume illumination methods are supported: DRR images and MIP. An MIP is physically impossible
on a real simulator. In contrast to X-rays, the MIP makes the distinction between soft and hard tissues
(e.g., bones) easier for the physicians (see Figure 7.44).

7.2.7.4 Registration

The patient’s coordinates in different rooms, such as the CT room and the irradiation operation
room, must be identical. The patient’s position is labeled with several marks on his (or her) skin, at
those points where the laser beams are projected onto their skin. These marks define the reference
points of radiation iso-center. In EXOMIO, these marks can be seen on the axial slices and on the
surface reconstructed model of the patient. In Figure 7.45, marks are displayed in both OEV and
slices, allowing the patient to be identically positioned in the CT unit, the treatment unit, and the
VS. The RTP parameters (gantry rotation, table position, beam size, etc.) are defined, based on these
initial positions.

7.2.8 Conclusions

Medical volume visualization has come a long way from the first experiments to the current, highly
detailed renderings. As the rendering algorithms are improved and the fidelity of the resulting images is
investigated, 3D images are not just pretty pictures, but a powerful source of information for research,
education, and patient care. In certain areas such as craniofacial surgery, volume visualization is increas-
ingly becoming part of the standard preoperative procedures. New applications such as 3D cardiology,
3D ultrasound, and LCM are becoming more and more popular. Further rapid development of volume
visualization methods is widely expected.>*

A number of problems still hinder an even broader use of volume visualization in medicine. First, and
most importantly, the segmentation problem is still unsolved. It is no coincidence that volume visual-
ization is most accepted in all areas where clinicians are interested in bone from CT. Especially for MRI,
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FIGURE 7.43 EXOMIO user interface.

however, automatic segmentation methods are still far from being generally applicable, while interactive
procedures are too expensive. As has been shown, there is research in different directions going on; in
many cases, methods have already proven valuable for specific applications.

The second major problem is the design of a user interface, which is suitable in a clinical environment.
Currently, there is still a large number of rather technical parameters for controlling segmentation,
registration, shading, and so on. Acceptance in the medical community will certainly depend heavily on
progress in this field.

Third, current workstations are not yet able to deliver 3D images fast enough. For the future, it is
certainly desirable to interact with the workstation in real time, instead of just looking at static images
or precalculated movies. However, with computing power increasing further, this problem will be over-
come in just a few years, even on low-cost platforms.

As has been shown, a number of applications based on volume visualization are becoming opera-
tional, such as surgical simulation systems and 3D atlases. Another intriguing idea is to combine
volume visualization with virtual reality systems, which enable the clinician to walk around or fly
through a virtual patient (Figure 7.46).589 In augmented reality, images from the real and virtual world
are merged to guide the surgeon during an intervention.® Integration of volume visualization with
virtual reality and robotics toward computer-integrated surgery will certainly be a major topic in the
coming decade,%108.119
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FIGURE 7.44 DRR images: (a) MIP image and FIGURE 7.45 Marks and patient registration: (a) skin marks
(b) X-ray image. (OEV), (b) iso-center in slice, and (c) BEV after register.
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FIGURE 7.46 OP 2000 the operation theatre of the future.

FIGURE 7.47 Virtual arthroscopy using VR and force feedback for training surgical procedures.
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Appendix

Principles of Image Processing: Pixel Brightness Transformations,
Image Filtering, and Image Restoration

A7.1 Introduction

What you see on an image is not the best of what you can get. In most cases, image quality can be further
improved. An image “hides” information. To discover all this information and to make it visible, we need
to process the image. Image processing is also an important and necessary process for medical imaging.
Here, the term “medical imaging” is not limited only to the diagnostic imaging. There are several other
applications, such as surgery, oncology, and simulation of medical systems, where image processing
techniques are essential.

Image processing or (according to other authors®?°) image preprocessing can be separated into pixel
brightness transformations (or image GSMT), image enhancement (or image filtering),****> and image
restoration.'218 |n this section, we focus on the most commonly used techniques for medical image GSMT
and enhancement. For the rest of the techniques, a number of references are given for further reading.

The main goal of image filtering is to enhance image quality and remove image artifacts such as noise
or blurring (Figure A7.1). At the moment, several algorithms can perform these tasks. For smoothing
operations filters like Gaussian, median or local averaging masks can be used. Most of the previous
operations can be performed either on the 2D image basis or, in the case of volumetric data, in the 3D
volume space.??! These filters are applied on the image using multi-dimensional convolution, and they
do not demand any further image transformation. Operations such as the Fourier,”!4¢ wavelet,822% and
cosine?! filter the image after it has been transformed.

The most popular and suitable transformation in medical application, including signal processing, used
to be and probably still is the Fourier transform. When we transform an image or a signal using the Fourier
transform, we mainly create a number of coefficients which represent the image or signal frequency com-
ponents. One can realize that filtering in the frequency domain is ideal for removing periodic noise.

8 1]

FIGURE A7.1 Random noise (a) and blurring (b) added on a digital angiography image.
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Since 1990, the applications of wavelets started to increase rapidly in medicine. Except for image
processing,?’? the wavelets have been applied also into applications like image compression,}326 a very
important issue in medicine and tele-medicine, since today the digital data sets, especially from acqui-
sition devices like CT, MRI, and PET, are very large.> The mathematical and application analysis of
wavelets is beyond the scope of this book.

A7.2 2D Convolution Function

A very useful and important operation in image processing is convolution. In case of 2D functions f and
h, the convolution is denoted by (f*h) and is defined by the integral

© o

IJ’f(i, Dh(x—i,y—j)didj

—00 —00

G(x,y)

© oo

IJ’f(X—i, y—-1)h(i, j)didj

= (ffh)(x,y)

In digital image processing, where images have a limited domain on the image plane, convolution is
used locally. For example, assuming an image I(x, y) and a filtering mask h(j, k) of size (M x N), their
2D convolution is defined as

Mo N
2 2

G(x,y) = z z I(x =],y —k) [h(j, k) (A7.1)

k=

NIZ
[NTp-4

j=

There are a number of mathematical properties associated with convolution. Actually, they are the
same as the mathematical operation of the multiplication.

1. Convolution is commutative.
G = flh = hd
2. Convolution is associative.
G = f{elh) = (f()Ch = fleCh
3. Convolution is distributive.
G = f{e + h) = (f&) + (fCh)

where ¢, f, h, and G are all images, either continuous or discrete. An extensive description of the
convolution theorem can be found in References 7, 9, and 13.

A7.3 The Fourier Transform

Using the Fourier transform, an image can be decomposed into harmonics.1%41¢ To apply the Fourier
transform in image processing, we have to make two assumptions:

1. The image under processing is periodic.
2. The Fourier transform of the periodic function always exists.

The 2D continuous Fourier transform of an image is defined as
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0 o0

Fr(u,v) = IJ’l(X, y)exp 12 Mgy dy

The inverse Fourier transform is

© o0

I(x,y) = J’J’Fr(u, v)expjzn(ux’fvv)dudv

—00 —00

To be applicable in medical image processing, the continuous Fourier transform must be converted
in a discrete form. Thus, the discrete Fourier transform is equal to

M-1N-1 e R lal

Fr(u,v) = M_lNZ z I(x,y)e N

x=0y=0
u=201...M=-1v=01..,N-1

The inverse Fourier transform is given by

M-1N-1 e TRRLe
N
I(x,y) = Z ZFr(u,v)e
u=0v=0

x=01...M-1y=01..N-1

For simplicity, the Fourier transform can be denoted by an operator Fr. Thus, the previous equation
can be abbreviated to

Fr{l(x, y)} = Fr(u, v)

The result of the Fourier transform is a complex number, which is composed by a real and an imaginary
part:

Fr(u, v) = RI(u, v) + jl(u, v)

Using the real and the imaginary parts one can compute the values called frequency and the phase
spectrum of the image I(x, y). The frequency spectrum is defined as (Figure A7.2)

FIGURE A7.2 Head MRI image (2) and its frequency spectrum (b).
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IFr(u,v)| = JRI*(u,v)d?(u, V)

The phase spectrum is defined as

®(u,v)0 = tan _l[—Rll(EJL;,VV))}

Some interesting properties of the Fourier transform from the image processing point of view are
the following:

1. Its relation with the convolution (convolution theorem):
Fr{(1th)(x, y)} = Fr(u, )H(u, v)
Fr{l(x, y)h(x, )} = (FrCH)(u, v)

2. Shift of the origin, e.g., to the center of the frequency range, in the image and in the frequency
domain:

. n_(uou +v0v)
Fr{l(x —ug y—Vo)} = Fr(u,v)e N

_dJOX +VoY
2Ty N

0
Frol(x,y)e 0O = Fr(u—ug, v—vy)
0 0

3. Periodicity: The Fourier transform and its inverse are periodic. In practice, if one wants to specify
Fr(x,y) in the frequency domain, only one period is enough for that. In mathematical terms,
periodicity can be expressed as

Fr(ul _V) = Fr(u, N - V)l I(_Xl y) = f(M =X y)
Fr(-u,v) = Fr(M = u,v), I(x, - y) = f(x, N - y)
Fr(ugM + u, VN + v) = Fr(u, v), I(u,M + x, v;N +y) = f(x, y)
4. Conjugate symmetry, when I(x, y) contains real values:
Fr(u, v) = Fr'(-u, —v) or
[Fru, V)| = |Fr'(-u, —=v)|
with Fr' being a complex Fourier product.
Since the computational effort considering multiplication and addition is proportional to N2. The fast
Fourier transform (FFT) algorithm reduces this effort and makes it proportional to N log, N. One way

to do this is to compute the terms of e2W(w/N) one time and store it in a table for all subsequent
applications. Algorithms for FFT computation can be found in References 9, 13, and 17.

A7.4 Grey Scale Manipulation Techniques

In most medical imaging diagnostic equipment, the obtained images are in grey scale. The grey level
look-up table usually does not surpass the 256 values. Therefore, every depth value from the image matrix
will be converted to an index to the current look-up table. The observer often must perform a grey scale
transformation in order to make more clear specific organs and tissue types. The techniques used to
perform this task are called GSMTs.
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One can separate these techniques into two categories: (1) histogram techniques and (2) image
windowing techniques.3®

A7.4.1 Histogram Techniques

An image histogram provides a general description of the image appearance. It shows the corresponding
number of pixels to every grey value of an image. A change of the histogram (histogram modification)
shape has as a result a change to the image contrast. A very common histogram technique in medical
image processing is the histogram equalization. The aim of this technique is to modify the current
histogram so as to have an equal distribution of the pixel’s grey level over the whole range of the grey
scale values. The benefit of using this technique is the automatic contrast enhancement for grey levels
near the maximum of the histogram. The result can be seen in Figure A7.3. The implementation details
of the histogram equalization technique can be found in References 7 and 8.

A7.4.2 Image Windowing Techniques

In windowing techniques, only a part of the image depth values is displayed with the available grey values.
The term “window” refers to the range of the image depth values which are each time displayed. This
window can be moved along the whole range of depth values of the image, each time displaying different

FIGURE A7.3 A digital angiographic image of the heart using injected contrast medium (a) and its histogram (c);
the same image after histogram equalization (d).
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tissue types in the full range of the grey scale and achieving better image contrast. The new brightness
value of the pixel Gv is given by the formula:

_ Vinax — GVmirD
Gv = DWD [(W' —WS) + vain
where [GV,., GViminl IS the grey level range, [Ws, We] defines the window width, and WI defines the
window center. This is the simplest case of image windowing. Often, depending on the application, the
window might have more complicated forms, such as double window, broken window, or non-linear
windows (exponential or sinusoid) (Figure A7.4).

A7.5 Image Sharpening
The sharpening when applied to an image aims to decrease the image blurring and to enhance image
edges.”813 There are two ways to apply these filters on the image:

1. In the spatial domain using the convolution process and the appropriate masks
2. In the frequency domain using high-pass filters

A7.5.1 High-Emphasis Masks

High-emphasis masks are masks with dimensions 3 x 3,5 x 5,7 x 7, or even higher, which are applied
via convolution (Equation A7.1) to the original image. These masks are the result of the differentiation
process.”? Common masks used for high-emphasis filtering are

0-10 -1-1-1
Emy(j, k) =|-1 5 -1, Emy(j,k) = |-1 9 1
|0 -1 0] -1 -1-1
-1-2-1 1-21
Ems(j, k) =|-2 13 -2/, Em,(j,k) = |2 5 -2
-1 -2 -1 1 -21]

The image result after applying these masks is demonstrated in Figure A7.5.

A7.5.2 Unsharp Masking

The unsharp masking is a filter which combines the original image with the result of the image if it is
filtered using a Laplacian filter, which we will describe later. First, one should enhance and isolate the
edges, e.g., by using the Laplace operators, amplify them, and then add them back to the original image.?
The results of this filter are similar to the high-emphasis filter.

A7.5.3 High-Pass Filtering

In the frequency spectrum of an image, one cannotice that the image edges and general high variations in
grey levels result in high frequencies in the image spectrum. Using a high-pass filter in the frequency domain,
we can attenuate the low frequencies without erasing the image edges. Some filter types are given here.

Ideal Filter
The transfer function for a 2D ideal filter is given as

_ O ifT(u,v)<To
H(u.v) = El if T(u,v)>To

where To is the cut-off distance from the origin of the frequency plane and T(u, v) is equal to
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FIGURE A7.4 Examples of image windowing (from top to bottom): linear window, broken window, and non-linear
window.
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a b

FIGURE A7.5 Removing blurring using high-emphasis masks Em, (a) and Em, (b). When using the masks Em, and
Em,, the image does not improve.

T(u,v) = J(U2+V?) (A7.2)

Butterworth Filter
Having a cut-off frequency at a distance To from the origin, the Butterworth filter of n order is defined as

1

H(u.v) = 1+[To/T(u,v)]*"

Note that when T(u, v) = To it is down to half of the maximum value (Figure A7.6).

N/2 A
Hiuv)

v

-N/2

| .
»

-M/2 M/2 0 D(u,v)/Do

v

FIGURE A7.6 Butterworth high-pass filter. Shown are the 2D frequency spectrum and its cross section starting from
the filter’s center.
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Exponential Filter
Similar to the Butterworth filter, the high-pass exponential filter can be defined from the relation

H(u,v) = e—0.347(T0/T(u,v))"

where To is the cut-off frequency and n is the filter order.
The above filters and general the filter in the frequency domain are applied using the equation

G(u, v) = H(u, v)Fi(u, v)

where Fi(u, v) it the Fourier transform of the image under processing, and H(u, v) is the function which
describes the filter. The inverse Fourier transform of the function G(u, v) gives us the sharpened image
(Figure A7.7).

a b

FIGURE A7.7 Filtering example of a digital angiographic image () using a high-pass Butterworth filter. In the filtered
image (b) the vessels’ branches are more distinct.

A7.6 Image Smoothing

Image smoothing techniques are used in image processing to reduce noise. Usually, in medical
imaging, the noise is distributed statistically, and it exists in high frequencies. Therefore, one can
say that image smoothing filters are low-pass filters. The drawback of applying a smoothing filter
is the simultaneous reduction of useful information and mainly detail features, which also exist in
high frequencies.

A7.6.1 Local Averaging Masks

Most filters used in the spatial domain use matrices (or masks) which may have dimensions of 3 x 3,
5x5,7x7,9x9,o0r 11 x 11. These masks can be applied on the original image using the 2D convolution
function. Assuming that I(x, y) is the original image, E(y, x) is the filtered image, and La(j, k) is a mask
of size M =3,5,7,9, 11. If we choose M=3, then a 3 x 3 mask must be applied to each pixel of the image
using (Equation A7.1). Different numeric values and different sizes of the masks will have different effects
on the image. For example, if we increase the size of the matrix, we will have a more intensive smoothing
effect. Usually, 3 x 3 masks are preferred. By using these masks, not only noise but also useful information
will be removed (Figure A7.8). Some types of smoothing masks are
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FIGURE A7.8 Filtering noise using the local averaging masks. The results are from (a) La, and (b) La,. The masks
La, and La, have very similar effects on the image.

111 010

La;,(j. k) =gl11 1], Lay(j.k) = Zl111
111 010

L1111 121

Las(i k) =75|1 21/, Lag(j.k) = 75|24 2
111 121

A7.6.2 Median Filter

The median filter is based upon applying an empty mask of size M x M on the image (as in convolution).
While the mask moves around the image, each place P; of this mask will copy the pixel with the same
coordinates (x,y) and also that pixel which is about to be filtered (Figure A7.9).15% Then these collected
pixels, which are values of brightness, will be sorted from the lower to the higher value, and their median
value will replace the pixel to be filtered, in our example P5 (Figure A7.10). A different approach for
efficient median filtering can be found in References 2 and 8.

A7.6.3 Gaussian Filter

The Gaussian filter is a popular filter with several applications, including smoothing filtering. A detailed
description of the Gaussian filter can be found in References 8, 15, and 19.
In general, the Gaussian filter is separable:

- =01 epl
h(x,y) = go(xy) = 02 P00 ZGzDDEH o

91p(X) Y1 (y)

The Gaussian filter can be implemented in at least three different ways:
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Matrix 3x3

P1 P2 P3

P4 P ——P6‘—‘/) Pixel to be replaced

P7 P8 P9
Image JxK

FIGURE A7.9 Applying a 3 x 3 median mask.

b

FIGURE A7.10 Filtering the random noise using the median filter. Observe how effective the filter is in this case.
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1. Convolution: Using a finite number of samples M of the Gaussian as the convolution kernel —
it is common to choose M = 30 or 50, where o is an integer number:

01 n‘glnf <M

D_Dex T g
0:0(n) = 0J/210 E2cr3]\n\>|\/|

O

0 0

2. Repetitive convolution: Using a uniform filter as a convolution kernel:

gip =u(n)u(n)Cu(n),

0 1 In| <M
u(n) = (2M +1)’|n| >M

J o

g

where M = ¢ and o takes integer values.
In each dimension, the filtering can be done as

E(n) = [[I(n)Cu(n)ICu(m]tu(n)

3. In the frequency domain: Similar to the Butterworth and exponential filters, one can create a filter
using the Gaussian type and then multiply this filter with the image spectrum. The inverse Fourier
transform will give the filtered image.

A7.6.4 Low-Pass Filtering

In low-pass filtering, we use same principles as in high-pass filtering. In this case, our aim is to cut the
high frequencies, where the noise is usually classified. The benefit of low-pass filtering, compared to
spatial domain filters, is that noise with a specific frequency can be isolated and completely cleared from
the image. When filtering random noise the drawback is that the edge information will be suppressed.
Common filter types are the following:

Ideal Filter
The transfer function for a 2D low-pass ideal filter is given as

m if T(u,v)<To

H(u,v) = if T(u,v)>To

where To is the cut-off distance from the origin of the frequency plane and T(u, v) is given from Equation
AT7.2.

Butterworth Filter
Having a cut-off frequency at distance To from the origin, the Butterworth filter of n order is defined as

H(u,v) = 1
1+[T(u,v)/To]*

Note that when T(u, v) = To is down to the half of the maximum value (Figure A7.11).

Exponential Filter
Similar to the Butterworth filter, the low-pass exponential filter can be defined from the relation
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Hu,v)

-N/2 >

u 0 Dfuv)/Do

-M/2 M/2
a b

FIGURE A7.11 Butterworth low-pass filter, in a 2D representation of its frequency spectrum (a) and a cross-section
of the same filter starting from the filter’s center (b).

H(u,v) = e—0.347(T(u,v)/To)"

where To is the cut-off frequency and n is the filter order.
Figure A7.12 is an example of image noise removal using the Butterworth low-pass filter.

a b

FIGURE A7.12 Removing random noise (a) from a digital angiographic image using a low-pass Butterworth filter.
The smoothing effect in the filtered image is obvious.
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A7.7 Edge Detection

Edge detection techniques aim to detect the image areas where we have a rapid change of the intensity.*813
In X-ray diagnostic imaging, these can be areas between bone and soft tissue or soft tissue and air. One
can find similar examples in several types of diagnostic images. Here, we describe a number of gradient
operators used in medical image edge detection as a mean of 3 x 3 masks. All of the masks can be applied
to the original image via 2D convolution.

In general, the gradient magnitude |grl(x, y)| of an image I(x, y) is given as

_|Rg, o
A7.7.1 Laplacian Operator

A Laplacian or edge enhancement filter is used to isolate and amplify the edges of the image, but it
completely destroys the image information at low frequencies (such as soft tissues). The Laplacian
operator is invariant to image rotation and therefore has the same properties to all directions (Figure
A7.13) and is calculated as

o°1(x,y) . 9°1(x, y)
021(x, y) = +
(X y) o Y

Common Laplacian masks are

010 111
Lp:(J, k) =|1-4 1/ Lpo(j.k) = |1 81
010 111
121 1241
Lps(j. k) =[2 —12 2/ Lpa(J k) = |2 4 2
121 1241

] h

FIGURE A7.13 The Laplacian operator. The results are from (a) Lp, and (b) Lp,.The mask Lp, gives a similar result
to Lp,, and the mask Lp, deteriorates the internal structures image.
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A7.7.2 Prewitt, Sobel, and Robinson Operators

All these operators base their function on the first derivative. For a 3 x 3 mask, the gradient can be
estimated for eight different directions. The gradient direction is indicated from the convolution result
of greatest magnitude. In contrast to the Laplacian operator, these operators are related to the image
orientation, and therefore, the image edges can be enhanced only at one direction for each time. We
present here the first four masks from each operator. The rest of the masks are calculated considering
the gradient direction we want to check (Figure A7.14).

FIGURE A7.14 The Prewitt, Sobel, and Robinson operators applied on the MRI image. In (a) and (b), the results
from Pr, and Pr, are equivalent. In (c) and (d), the results from Rb, and Rb; are equivalent. In (e) and (f), the results
from Sh, and Sh, are equivalent.
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Prewitt

111 011
Pribk) =0 0 o Pra(k) = -1 0 1
-1-1-1 -1-10
-101 10-1
Prs(j,k) = |-1 01/ Pry(j,k) = [10-1
-101 10-1
Sobel
1 2 1 012
Sby(j,k) =0 0 0 Sby(J,k) = -1 0 1
-1-2-1 -2-10
-101 10-1
Sba(j,k) = |—2 0 2|, Sba(j,k) = |20 -2
-101 10-1
Robinson
1 1 1 1 11
Rb,(j,k) = |1 -2 1], Rby(j,k) = |-1 21
-1-1-1 -1-10
-111 1141
Rbs(j, k) = |-1 -2 1/ Rb,(j, k) = {1 2 -1
-1 11 11-1
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JPDAF Joint probabilistic data association filter
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O, Gradient with respect to x

N(z; x, V) Multivariate Gaussian density with mean vector x and covariance matrix V

a’ Received signal strength at time t, - SNR

Oy O Resolution (azimuth, range); — P, Ry

F System matrix at time t, - Q,

|Gy Volume of a region containing all relevant reports at time t,; — pg(n,)

h, Interpretation hypothesis regarding the origin of a single scan; - H,, Z,

HX, H'; Interpretation history: hypothesis regarding the origin of multiple scans; - h,, Z
H,, H} Measurement matrix at time t, (resolved/group measurement); - R,, R}

Hy Unresolved returns: fictitious measurement matrix (relative distance); — Ry

Ao Detector threshold; — a, P,

As Threshold for gating; — P,

my, m; Dynamics model assumed to be in effect at time t, (i =1, ..., 1); - MK M r
MK, MK Model history: hypothesis on a temporal sequence dynamics models assumed; — m,
Mo “ZI': Mixture coefficient related to particular histories H< and M¥

Ny Number of sensor reports to be processed at time t,; — Z,

vy Data innovation vector at time t,; — S,

pe(nyY) Probability of receiving n, false returns (Poisson); — |G|, Pr

Pmm,., Py Model transition probability; — m,, mj

P, Correlation probability; — Ag

Pos Prea Detection/false alarm probability; — Ap, snr

P Covariance matrix related to X

P, Probability of two objects being unresolved; — Hy, Ry

Qy Process noise covariance matrix at time t,; — F,

r Number of models used in the IMM approach

Ry Measurement noise covariance matrix related to H;"

Ry Measure of the sensor resolution capability; — Hy, P,

Pe Spatial false return density; — pg(n,)

snr, SNR Mean/instantaneous signal-to-noise ratio

Sk Innovation covariance matrix at time t,; - v,

t, Instant of time when reports are produced (scan, target revisit, frame time)

T, Data innovation interval; — t,

Uy, Vi Measurement/process noise vector at time t,; - R,, Q,

W, Kalman Gain matrix; — S,

Xy Kinematical state of the object to be tracked at time t,

Xy Expectation of x, with respect to the density obtained by filtering, MMSE estimate
Xiji ) Expectation of x, with respect to the density obtained by pre- (I > k) or retrodiction | > k
>"<Hkk, f(Zk Expectation of x, related to particular histories H*, M¥ (filtering)

ixk (UL9) Expectation of x, related to particular histories H*, M¥ (pre-, retrodiction)

Z Individual sensor report to be processed at time t, — Z,

Z, Set of sensor reports to be processed at time t,; see n,, z,

A Temporal sequence of data to be processed: (Z,, Ny, Zy_1, Ny_1, -+ Z4, Ny); SEE Ny, Z,
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8.1 Introduction

In many engineering applications, including surveillance, guidance, navigation, robotics, system control,
image data processing, or quality management, single stand-alone sensors or sensor networks are used
for collecting information on time varying quantities of interest, such as kinematical characteristics and
measured attributes of moving objects (e.g., maneuvering air targets, ground vehicles) or, in a more
general framework, time varying signal parameters.

More strictly speaking, in these or similar applications, the state of a stochastically driven dynamical
system is to be estimated from a series of sensor data sets, also called scans or data frames, which are
received at discrete instants of time, being referred to as scan/frame time, target revisit time, or data
innovation time. The individual output data produced by the sensor systems considered (sensor reports,
observations, returns, hits, plots) typically result from complex estimation procedures which characterize
particular waveform parameters of the received signals (sensor signal processing). Provided the quantities
of interest are related to moving point-source objects or small extended objects (e.g., radar targets), often
relatively simple statistical models can be derived from basic physical laws which describe their temporal
behavior and thus define the underlying dynamical system. The formulation of adequate dynamics
models, however, may be a difficult task in certain applications.

8.1.1 Tracking Systems

For an efficient exploitation of the sensor resources as well as to obtain information not directly provided
by the individual sensor reports, appropriate data association and estimation algorithms are required
(sensor data processing). These techniques result in tracks, i.e., estimates of state trajectories, which
statistically represent the quantities or objects considered along with their temporal history. Tracks are
initiated, confirmed, maintained, stored, evaluated, fused with other tracks, and displayed by the tracking
system or data manager. For methodical reasons, the tracking system should be carefully distinguished
from the underlying sensor systems, though there may exist close interrelations, such as in the case of
multiple-target tracking with an agile-beam radar, raising the problem of sensor management. Evidently,
the achievable track accuracy depends on the quality of the sensors involved, the current operating
conditions, and the particular scenario considered. Several well-established textbooks provide a general
introduction to this practically important subject (see References 1, 2, 3, 5, 7, 8 and, with particular
emphasis, the recent monograph in Reference 9).

Figure 8.1 provides a schematic overview of a generic tracking system along with its relation to the
underlying sensor system. After passing the detector device, which essentially serves as a means of data
rate reduction, the sensor signal processing unit provides estimates of signal parameters characterizing

Tracking System
Sensor System ]
Track Initiation: Track Processing:
Sensing Hardware: Multiple Frame Track Termination
Received Waveforms Track Extraction Object Identification
T Track to Track Fusion
‘ SDintior A Priori Knowledge: T 3
Detection Process: Sensor Performance Sensor Data to. Track File
Data Rate Reduction Object Characteristics| Track Association Storage
{ Sensor Object Environment ‘
- - Control Man-Machine Interface:
Signal Processing: Track Maintenance: N X
— Object Representation
Parameter Estimation Prediction, Filtering Displaying Functions
Retrodiction Interaction Facilities
I

FIGURE 8.1 Generic scheme of a tracking system.
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the waveforms received by the sensing hardware (e.g., radar antennas). From these preprocessed estimates,
sensor reports are formed, i.e., measured quantities possibly related to the objects of interest, that are
input information for the tracking system. In the tracking system itself, all sensor data which can be
associated to the already existing tracks are used for track maintenance (prediction, filtering, retrodiction).
The remaining non-associated data are processed in order to establish new tentative tracks (track initi-
ation, multiple-frame track extraction). Thus, the plot-to-track association unit plays a key role in any
multiple-target tracking system. Evidently, a priori knowledge in terms of statistical models of the sensor
performance, the object characteristics (including their dynamical behavior), and the object environment
is a prerequisite to both track maintenance and track initiation. Track confirmation/termination, object
classification/identification, and fusion of tracks representing identical information are performed in the
track processing unit. The generic scheme of a tracking system is completed by a man-machine interface
with displaying and interaction functions. The available information on the sensor, the objects of interest,
and the environment can be specified, updated, or corrected by direct human interaction as well as by
the track processor itself, e.g., as a consequence of a successful object classification.

8.1.2 Challenging Conditions

Track maintenance/initiation by processing noise-corrupted returns is by no means trivial if the sensor
data are of uncertain origin or if there exists uncertainty regarding the underlying system dynamics. It
is this particular topic that is being discussed in this chapter. We focus mainly on four aspects:

1. In general, data association conflicts may arise even for well-separated objects if a false return
background is to be taken into account, which can never be completely suppressed by means of
signal processing at the individual sensor sites (e.g., random noise, residual clutter, man-made
noise). For airborne clutter suppression, see the recent monograph in Reference 10.

2. Even in the absence of unwanted sensor reports, ambiguous correlations between newly received
sensor reports and existing tracks are an inherent problem for objects moving closely spaced for
some time. This is even more critical in the case of false returns or detections from unwanted
objects. In such situations, the identity of the individual object tracks might get lost.

3. Furthermore, closely spaced objects may continuously change from being resolved to unre-
solved and back again due to the limited resolution capability of every physical sensor, making
the data association task even harder. Additional problems arise from sensor returns having a
poor quality, due to large measurement errors, low signal-to-noise ratios, or fading phenomena,
for instance. Besides that, the scan rates may be low in certain applications, such as long-range
air surveillance.

4. Moreover, in a practical tracking task the underlying system dynamics model currently assumed
to be in effect might be one particular sample out of a set of several alternatives and, thus, a
priori unknown. As an example, let us consider a radar application with military air targets. In
a given mission, often clearly distinct maneuvering phases can be identified, as even agile targets
do not always use their high maneuvering capability. Nevertheless, sudden switches between
the underlying dynamics models do occur and are to be taken into account. Tracks must not
be lost in such situations.

8.1.3 Bayesian Approach

Many basic ideas and mathematical techniques relevant to the design of tracking systems can be
discussed in a unified statistical framework that essentially makes use of Bayes’ Rule. The general
multiple-object, multiple-sensor tracking task, however, is highly complex and involves rather
sophisticated combinatorial and logical considerations that are beyond the scope of this chapter.
For a more detailed discussion of the problems involved, see References 11 to 14. Nevertheless, in
many applications the task can be partitioned into independent sub-problems of (much) less
complexity. Thus, to provide an introduction to statistical tools frequently used in sensor data
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processing, we follow this approach and analyze practically important examples along with several
approximations to their optimal solution being important to practical realization. These examples
may serve as elements for developing appropriate tracking systems that meet the requirements of a
particular user-defined application.

In a Bayesian view, a tracking algorithm is an iterative updating scheme for conditional probability
densities that describe the object states given both the accumulated sensor data and all available a
priori information (sensor characteristics, object dynamics, operating conditions, underlying scenario).
Provided the density iteration, also referred to as the filtering, has been performed correctly, optimal
state estimators may be derived related to various risk functions. Under the conditions previously
discussed, the densities have a particular formal structure: they are finite mixtures,® i.e., weighted
sums of individual densities, each of them being related to an individual data interpretation and model
hypothesis. Thus, this structure is a direct consequence of the uncertain origin of the sensor data and
uncertainty regarding the underlying system dynamics. In the case of well-separated objects without
false returns, assuming perfect detection and a single dynamics model, the Bayesian approach reduces
to Kalman filtering (see Reference 16, p. 107 ff.).

Bayesian retrodiction is intimately related to filtering in that it provides a backward iteration scheme
for calculating the probability densities of the past object states given all information accumulated up to
the current scan.!31718 Retrodiction thus proves to be a generalization of smoothing algorithms such as
those proposed by Rauch, Tung, and Striebel (see Reference 16, p. 161 ff.).

While in many applicat