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Preface

The human brain routinely and almost spontaneously carries out a lot of
information processing and fusion. This is possible due to the biological
neural networks in our brains, which are actually parallel processing sys-
tems of adaptive switching (chemical circuits) units. The main objectives
are to collect measurements and simple observations from various similar
or dissimilar sources and sensors, extract the required information, draw
logical inferences, and then combine or fuse these with a view toward
obtaining an enhanced status and identity of the perceived or observed
object, scene, or phenomenon. These acts of information processing and
decision making are very crucial for the survival and growth of human
beings, as well as many other living creatures, and can be termed multi-
source multisensor information fusion (MUSSIF), more popularly known as
sensor data fusion (DF).

MUSSIF is very rapidly emerging as an independent discipline to be
reckoned with and finds ever-increasing applications in many biomedical,
automation industry, aerospace, robotics, and environmental engineering
processes and systems, in addition to typical defense applications. MUSSIF
offers one or more of the following benefits: more spatial coverage of the
object under observation, redundancy of measurements, robustness of
the system’s performance and higher accuracy (basically reduced uncer-
tainty of prediction) of inferences, and an overall assured performance of
the sensor-integrated systems. The complete process of MUSSIF involves
the study of several related disciplines: (1) signal and image processing;
(2) numerical computational algorithms; (3) statistical and probabilistic
approaches and methods; (4) sensor modeling, management, control, and
optimization; (5) neural networks, fuzzy logic systems, and genetic algo-
rithms; (6) system identification and state or parameter estimation; and
(7) database management. Many principles and techniques from these
fields strengthen the definition of tasks, analysis, and performance evalu-
ations of multisensor DF (MSDF) systems. Several of these aspects are
briefly discussed in this book.

In this book, theories, concepts, and applications of MSDF are treated
in three parts: (1) kinematic-level fusion (including theory of DF);
(2) fuzzy logic and decision fusion; and (3) pixel- and feature-level image
fusion. The development elucidates aspects and concepts of DF strategies,
algorithms, and performance evaluations, mainly for aerospace applica-
tions. However, the concepts and methods discussed are equally appli-
cable to other systems. Where possible, this is illustrated with examples
via numerical simulations coded in MATLAB®. (MATLAB® is the trade
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mark of The MathWorks Inc. For product information, please contact: The
MathWorks, Inc., 3 Apple Hill Drive, Natick, MA 01760-2098 USA, Tel: 508
647 7000, Fax: 508-647-7001, E-mail: info@mathworks.com, Web: www.
mathworks.com.) The user should have access to PC-based MATLAB soft-
ware and other toolboxes such as signal processing, control systems, sys-
tem identification, neural networks, fuzzy logic, and image processing.

There are other books on sensor DF; however, the treatment of the aspects
outlined above is somewhat limited or highly specialized. The treatment
of these topics in the present book is comprehensive and also briefly cov-
ers several related disciplines that will help in understating sensor DF
concepts and methods from a practical point of view. An engineering
approach is employed, rather than a purely mathematical approach, with-
out loosing sight of the necessary mathematics. Where appropriate, some
novel methods, approaches, techniques, and algorithms are presented.

The end users of this integrated technology of MSDF will be sys-
tems, aerocontrol, mechanical, and civil educational institutions; several
research and development laboratories; aerospace and other industries;
medical diagnostic and biomedical units; civil-military transportation;
the automation and mining industries; robotics; and mobile intelligent
autonomous systems.
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Introduction

Humans accept input from five sense organs and senses: touch, smell,
taste, sound, and sight in different physical formats (and even the sixth
sense as mystics tell us) [1]. By some incredible process, not yet fully under-
stood, humans transform input from these organs within the brain into
the sensation of being in some “reality.” We need to feel or be assured that
we are somewhere, in some coordinates, in some place, and at some time.
Thus, we obtain a more complete picture of an observed scene than would
have been possible otherwise (i.e., using only one sense organ or sensor).
The human activities of planning, acting, investigating, market analysis,
military intelligence, complex art work, complex dance sequences, cre-
ation of music, and journalism are good examples of activities that use
advanced data fusion (DF) aspects and concepts [1] that we do not yet
fully understand. Perhaps, the human brain combines such data or infor-
mation without using any automatic aids, because it has a powerful asso-
ciative reasoning ability, evolved over thousands of years.

Ours is the information technology (IT) age, and in this context multi-
source multi-sensor information fusion (MUSSIF) encompasses the the-
ory, methods, and tools conceived and used for exploiting synergy in
information acquired from multiple sources (sensors, databases, informa-
tion gathered by human senses, etc.). The resulting final understanding of
the object (or a process or scene), decision, or action is in some sense bet-
ter, qualitatively or quantitatively, in terms of accuracy, robustness, etc.,
and more intelligent than would be possible if any of these sources were
used individually without such synergy exploitation. The above seems to
be an accepted definition of information fusion [2].

In simple terms, the main objective in sensor DF is to collect measure-
ments and sample observations from various similar or dissimilar sources
and sensors, extract the required information, draw inferences, and make
decisions. These derived or assessed information and deductions can be
combined and fused, with an intent of obtaining an enhanced status and
identity of the perceived or observed object or phenomenon. This pro-
cess is crucial for the survival and growth of humans and many other
living creatures, and can be termed MUSSIF, which is popularly called
sensor DF or even simply DF (of course, with derived and simpler mean-
ings and lower level of information processing). Multi-sensor data fusion
(MSDF) would primarily involve: (1) hierarchical transformations
between observed parameters to generate decisions regarding the loca-
tion (kinematics and even dynamics), characteristics (features and struc-
tures), and the identity of an entity; and (2) inference and interpretation
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(decision fusion) based on a detailed analysis of the observed scene or
entity in the context of a surrounding environment and relationships to
other entities.

In a target-tracking application, observations of angular direction,
range, and range rate (a basic measurement level fusion of various data)
are used for estimating a target’s positions, velocities, and accelerations
in one or more axes. This is achieved using state-estimation techniques
like a Kalman filter [3]. The observations of the target’s attributes, such
as radar cross section (RCS), infrared spectra, and visual image probably
with fusion in mind, may be used to classify the target and assign a label
for its identity. Pattern recognition techniques (for feature identification
and identity determination) based on clustering algorithms and artificial
neural networks (ANNSs) or decision-based methods can be used for this
purpose, to have more feature-based tracking. Understanding the direc-
tion and speed of the target’s motion may help us to determine the intent
of the target, which may also require automated reasoning or artificial
intelligence using implicit and explicit information. For this purpose,
knowledge-based methods leading to decision fusion can be used.

DF in a military context has the following meaning [4]: “a multilevel,
multifaceted process dealing with the detection, association, correla-
tion, estimation, and combination of data and information from multiple
sources to achieve a refined state and identity estimation, and complete
and timely assessments of situation and threat.”

DF is very rapidly emerging as an independent discipline to be reck-
oned with and is finding ever-increasing applications in many biomedi-
cal, industrial automation, aerospace, and environmental engineering
processes and systems, in addition to military defense applications [4-15].
The benefits of DF are more spatial coverage of the object under observa-
tion, redundancy of measurements so that they are always available for
analysis, robustness of the system’s performance, more accurate inferences
(meaning better prediction with less uncertainty), and overall assured
performance of the multisensor integrated systems. The complete pro-
cess of DF involves the study of several allied disciplines: (1) signal or
image processing; (2) computational and numerical techniques and algo-
rithms; (3) information theoretical, statistical, and probabilistic methods;
(4) sensor modeling, sensor management, control, and optimization;
(5) neural networks, approximate reasoning, fuzzy logic systems, and
genetic algorithms; (6) system identification and state-parameter estima-
tion (least square methods including Kalman filtering); and (7) computa-
tional data base management. Several principles and techniques from these
fields strengthen the analytical treatment and performance evaluation of
DF fusion systems. Some of the foregoing aspects and methods are dis-
cussed in the present volume, spread over three parts.
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The importance of DF stems from the following considerations, aspects,
and feasible applications:

1. Several types of sensors are used in satellite launch vehicles and
in satellites.

2. The integrated navigation, guidance, and control-propulsion con-
trol (NGC-PC) systems and sensors, sensor data processing and
performance requirements, sensor redundancy management, and
performance evaluation of NGC-PC system are important in mis-
sile, aircraft, rotorcrafts, and spacecraft applications.

3. Use of fused data from gyro and horizon sensors for precision
pointing of imaging spacecraft.

4. Importance of interactive multiple modeling (IMM) approach for
tracking of maneuvering targets [3] and subsequent use for DF in
the multisensor multitarget scenarios.

5. Fusion of information from low-cost inertial platform and sensor
systems with global positioning system (GPS)/differential DGPS
data in Kalman filters for autonomous vehicles (e.g.,, unmanned
aerial vehicles [UAVs] and robots).

6. Performance evaluation of MSDF application to target tracking in
a range safety environment and in general for any DF system.

7. For situation assessment, fuzzy logic-based interfaces for deci-
sion fusion can be developed; essentially the output of kinematic
fusion and situation assessment can be taken into consideration
using a fuzzy logic approach to make a final decision or action
in the surveillance volume at any instant of time (in combination
with Bayesian networks).

8. Static and dynamic Bayesian networks can be used in situation
assessment and DF, leading to more accurate decisions.

9. Integration of identity of targets with the kinematic information.

10. Aircraft cockpit DF for pilot aid and autonomous navigation of
vehicles.

11. DF for Mars Rovers and space shuttles.

12. DF in mobile intelligent autonomous systems and robotics (field,
service and medical robotics).

Military applications of DF include (1) antimarine warfare; (2) tactical air
warfare; and (3) land battle. More specifically, these include [4] (1) com-
mand and control (C2) nodes and operations for military forces; (2) intel-
ligence collection data systems; (3) indication and warning (1&W) systems
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to assess threats and hostile intent; (4) fire control systems—multiple
sensors for acquisition, tracking, and command guidance; (5) broad area
surveillance—distributed sensor networks (NW); (6) command, control,
and communications (C3) operations—use of multiple sensors leading to
autonomous weaponry; (7) more recent command, control, communica-
tions, and computer intelligence or information (C4-12) operations with
network-centric decision-making capabilities.

Basic algorithms and constituents for multisensor multitarget track-
ing and fusion (MSMT/F) should incorporate the following aspects or
processes: (1) track clustering; (2) data association (often called correla-
tion); (3) track scoring and updating (to help pruning of tracks if need
be); (4) track initiation; (5) track management; and (6) track fusion [3]. The
central problem in MSMT/F-state estimation is data association—the
problem of determining from which target, if any, a particular measure-
ment might have originated. The techniques generally used for MSMT/F
applications are (1) simple gating techniques in sparse scenarios; (2) recur-
sive deterministic and PDA techniques in medium-density scenarios; and
(3) multiple hypotheses tracking for dense scenarios [4]. Maneuvering tar-
get tracking using IMM involves the selection of appropriate models for
different regimes of the target flight. Because of the switching between
models, there is an exchange of information between the mode filters.
During each sampling interval, all of the filters are or might be in opera-
tion. The overall state estimate is a combination of the estimates from the
individual filters.

The radio frequency seeker mounted on a missile gives measurements
of range, range rate, the line of sight rate (LOSR), and gimbal angles in a
gimbal frame. The range, range rate, and LOSR measurements are cor-
rupted by receiver noise (thermal or shot noise), glint noise, and even
RCS fluctuations. Glint noise exhibits a non-Gaussian distribution due to
random wandering of the apparent measured position of a target. This is
due to the interference of reflections from different elements of the target
and also to RCS variation. This noise could be modeled as a combination
of Gaussian and Lapalacian noise with appropriate mixing probabilities.
Two methods can be used to handle Glint noise: (1) a Masreliez filter based
on a nonlinear score function evaluation; which is used as a corrective
term in the state estimation equation; and (2) a fuzzy logic-based adap-
tive filter [9]. Use of models of such noise processes would enhance the
accuracy of the DF process.

All of the current generation transport aircraft are equipped with a
highly integrated suite of sensors. The data collection devices are used
to deliver to the pilot the level of detail of the outside world that she
or he requires to fulfill the overall mission. It is essential that a timely,
single unified picture of the environment, generated by the most appro-
priate sensors, is presented to the pilot in a format that can be readily
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understood and interpreted so that appropriate action can be taken as
required. Increasing air traffic control requirements dictate a need for
more mental computation on the part of the pilot, which can distract
him or her from safe airplane operation. Therefore, there is a need for
an on-board aid such as a computational hardware and software (HW/
SW) system that increases the pilot’s situational awareness, decreases
diversions to routine tasks and computations, and anticipates upcom-
ing needs. The cockpit and mission management systems in a trans-
port aircraft should have fully integrated flight and navigation displays
(such as multifunction displays) as well as network-centric capabilities,
including tactical data link integration, correlation or data association,
and DF. The fusion of data from the on-board, off-board, and ground-
based sensors to present a single unified picture is at the heart of the
cockpit environment for any transport aircraft. The United States has
space-based satellites like GPS/DGPS data; Europe, India, and so on,
have similar systems. Such systems would also be very useful for mili-
tary aircraft and UAVs.

Situation assessment models or software for assisting the pilot in deci-
sion making during combat missions requires the use of modern classi-
fication methods such as fuzzy models for event detection and Bayesian
networks to handle uncertainty in modeling situations. Bayesian net-
works can include many kinds of situations or systems because of their
high modularity and expandability.

In this book, the theory, concepts, and applications of DF are treated in
four parts: Part I—kinematic-level DF (including theory and concepts of
DF), Part Il—fuzzy logic and decision fusion, Part IIl—pixel and feature
level image fusion, and Part [IV—a brief on DF in other systems. The devel-
opment elucidates aspects of DF strategies, algorithms (and SW, where
appropriate), and performance evaluation, mainly for aerospace appli-
cations. However, the concepts and methods discussed are also equally
applicable to many other systems. This book will also illustrate certain
concepts and algorithms using numerical simulation examples with SW
in MATLAB® and will also use exercises, the solution manual for which
will be made available to instructors. The SW is not part of the book due
to its proprietary nature, so the reader will need access to MATLAB's
main SW and related toolboxes. The user should have access to PC-based
MATLAB software and other toolboxes: signal and image processing,
control systems, system identification, neural networks, and fuzzy logic.
There are some good books on sensor DF; however, the treatment of the
aspects outlined above is either somewhat limited or highly specialized
[3-15]. The treatment in the present book is comprehensive and covers
several related disciplines to help in understating sensor DF concepts and
methods from a practical point of view. A brief preview of the chapters is
given next.
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Chapters 1-4 of Part I deal with the theory of DF and kinematic-level
DEF. Chapter 2 briefly covers the basic concepts and theory of DF includ-
ing fusion models, fusion methods, sensor modeling, and management.
Chapter 3 presents several practical and useful strategies and algorithms
for DF and tracking. Where appropriate, some new methods, algorithms,
and results are presented. Kalman and information filters are discussed
for tracking and decentralized problems, and various data association
strategies and algorithms are also discussed. Chapter 4 deals with perfor-
mance evaluations of some DF algorithms, software, and systems.

Chapters 5-8 of Part II discuss theory of fuzzy logic, fuzzy implication
functions, and their application to decision fusion. Chapter 6 discusses
the fundamentals of FL concepts, fuzzy sets and their properties, FL
operators, fuzzy propositions/rule-based systems, inference engines, and
defuzzification methods. A new MATLAB graphical user interface (GUI)
tool is developed, explained, and used for evaluating fuzzy implication
functions. Chapter 7 discusses using fuzzy logic to estimate the unknown
states of a dynamic system by processing sensor data. A fuzzy logic-
Bayesian combine is used for situation assessment problems. Chapter 8
highlights some applications and presents some performance evaluation
studies.

Chapters 9-11 of Part III cover various aspects of pixel- and image-level
registration and fusion. Chapter 10 uses the principal component analy-
sis, spatial frequency, and wavelet-based image fusion algorithms for the
fusion of image data from sensors. It also explores the preprocessing of
image sequences, spatial domain algorithms, medians, and mean filters.
Image segmentation and clustering techniques are employed to detect
the position of the target in the background image. Data association
techniques such as nearest neighbor Kalman filters (NNKFs) and PDAF
are used to track the target in the presence of clutter. Chapter 11 pres-
ents procedures for combing tracks obtained from imaging sensor and
ground-based radar, as well as some methods and algorithms and their
performance evaluation studies.

Chapters 12 and 13 of Part IV briefly discuss some DF aspects as appli-
cable to other systems; however, the importance of the field need not be
underestimated.

Appropriate performance evaluation measures and metrics are dis-
cussed in the relevant chapters and novel approaches (methods and algo-
rithms) are presented where appropriate. The material of this book could
benefit many applications: the integration of the identity of targets with
the kinematic information, air and road traffic control and management,
cockpit DF, autonomous navigation of vehicles, some security systems,
and mobile intelligent autonomous systems (including field, medical,
and mining robotics). The end users of this integrated sensor DF tech-
nology will be systems, aerocontrol, mechanical, and civil educational
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institutions; several research and development laboratories; aerospace
and other industries; and the transportation and automation industries.
Although enough care has been taken in working out the solutions of
examples, exercises, and in the presentation of various concepts, theories,
algorithms, and case study and numerical results in the book, any practi-
cal applications of these should be made with proper care and caution.
Any such endeavors would be the readers’” own responsibility. Certain
MATLAB programs developed for illustrating various concepts via exam-
ples in the book are accessible to the readers through CRC.
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Introduction

Animals recognize their changing environment by processing and
evaluation of signals, such as data and some crude information, from mul-
tiple directions and multiple sensors—sight, sound, touch, smell, and taste
[1]. Nature, through the process of natural selection in very long cycles,
has evolved a way to integrate the information from multiple sources and
sensing organs to form a reliable recognition of an object, entity, scene, or
phenomenon. Even in the case of signal or data loss from a sensor, certain
systems are able to compensate for or tolerate the lack of information and
continue to function at a lower, degraded level. They can do this because
they reuse the data obtained from other similar or dissimilar sensors or sens-
ing organs. Humans combine the signals and data from the body senses—
sight, sound, touch, smell, and taste—with sometimes vague knowledge
of the environment to create and update a dynamic model of the world
in which they live and function. It is often said that humans even use the
sixth sense! Based on this integrated information within the human brain,
an individual interacts with the surrounding environment and makes deci-
sions about her or his immediate present and near future actions [1]. This
ability to fuse multisensory data has evolved due to a process popularly
known as natural selection, which occurs to a high degree in many animal
species, including humans, and has been happening for millions of years.
Charles Darwin, some 150 years ago, and a few others have played a prom-
inent role in understanding evolution. The use and application of sensor
data fusion concepts in technical areas has led to new disciplines that span
and influence many fields of science, engineering, and technology and that
have been researched for the last few decades. A broad idea of sensor data
fusion is depicted for target tracking in Figure 1.1.

The art of ventriloquism involves a process of human multisensory
integration and fusion [2]. The visual information comes from the dum-
my’s lips, which are moved and operated by the ventriloquist, and the
auditory information comes from the ventriloquist herself. Although her
mouth is closed, she transmits the auditory signal. This dual information is
fused by the viewer and he or she feels as if the dummy is speaking, which
particularly amuses the children. If the angle between the dummy’s lips
and the ventriloquist’s face is more than 30°, then the coordination is very
weak [2]. A rattlesnake is responsive to both visual and infrared (IR) infor-
mation being represented on the surface of the optic tectum in a similar
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Concept of sensor data fusion for target tracking (more sensors may be used).
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spatial orientation [2]. Visual information about the existence of prey, for
example, a rat, is received by the snake’s eyes and its IR information is
received by the pit organ, from the prey. This information is fused in the
snake’s brain, and the snake then recognizes the presence of the prey.

The term information fusion (IF) is used for the fusion of any kind of data
and data sources [1,3] and is also applicable in the context of data mining and
database integration. This term covers all aspects of the fusion field, except
nuclear fusion or fusion of different types of music, which may be discor-
dant. However, in the latter kind of system, some fusion might be happen-
ing in a sense similar to data fusion, since musical signals can be thought of
as data and fusion can be performed, at least for the synthetic musical sys-
tems. The term sensor fusion means the combination of sensory data or data
derived from sensory data, such that the resulting information is better than
it would be if these sensors were used individually; in other words, data
fusion from multiple sensors, which could be of the same type or of differ-
ent types. Data fusion means combining information from several sources,
in a sensible way, in order to estimate or predict some aspect of an observed
scene, leading to the building of a world model of the environment. This is
useful for robot motion planning or an airplane pilot’s situational assess-
ment and awareness, because it provides a better world model.

Direct fusion means the fusion of sensor data from a set of heteroge-
neous or homogeneous sensors, soft sensors, and history values of sensor
data [1]. Indirect fusion uses information from a priori knowledge about
the environment, as well as human input. Sensor fusion can be described
as a direct fusion system. Information fusion encompasses indirect fusion
processes. In general, a sensor measurement system will have one or more
of the following problems [1]:

1. A breakdown of a sensor or sensor channel, causing a loss of data
from the viewed object or scene.
2. An individual sensor covers only a restricted region of the envi-

ronment and provides measurement data of only local events,
aspects, or attributes.
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3. Many sensors need a finite time to perform some basic operations
and transmit measurement data to the required place, thereby
limiting the frequency of measurements.

4. Measurements from sensors depend on the accuracy and preci-
sion of the basic sensing element used in the sensor and the data
gathered would thus have limited accuracy.

5. Uncertainty depends on the object being observed; if it is in a
noisy environment, the measurement data noise effects would be
present.

Uncertainty would arise if (1) some features were missing, such as obsta-
cles in the path, eclipsing of radar cross section (RCS), Glint noise, or back-
ground clutter; (2) the sensor cannot measure all relevant attributes and
sensor limitations; or (3) the observation is ambiguous or doubtful. Hence,
a single sensor cannot reduce uncertainty in its perception of the observed
scene, and one of the effective solutions to many of the ongoing problems
is multisensor data fusion.

By the fusion of sensors” data we can expect one or more of the follow-
ing potential advantages [1,4,5]:

1. Multiple sensors would provide redundancy which, in turn,
would enable the system to provide information in case of partial
failure, data loss from one sensor—i.e., fault tolerance capability—
robust functional and operational performance.

2. One sensor can look where other sensors cannot look and pro-
vide observations—enhanced spatial or geometrical coverage,
and complementary information is made available.

3. Measurements of one sensor are confirmed by the measurements
of the other sensors, obtaining cooperative arrangement and
enhancing the confidence—increased confidence in the inferred
results.

4. Joint information would tend to reduce ambiguous interpreta-
tions and hence less uncertainty.

5. Increased dimensionality of the measurement space, say mea-
suring the desired quantity with optical sensors and ultrasonic
sensors, the system is less vulnerable to interferences providing a
sustained availability of the data.

6. Multiple independent measurements when fused would improve
the resolution—enhanced spatial resolution.

7. Extended temporal coverage—the information is continually
available.

8. Improved detection of the objects because of less uncertainty pro-
vided by the fusion process.
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For a given data fusion system, one or more of the above benefits could
occur. One can design and use the task-oriented multisensor data fusion
(MSDF) system in order to obtain one or more of the above benefits.

When building an MSDF system, the following aspects pertaining to an
actual application are of great importance: (1) use of optimal techniques
and numerically stable and reliable algorithms for estimation, prediction,
and image processing; (2) choice of data fusion architectures such as sensor
nodes and the decision-making unit’s connectivity and data transmission
aspects; (3) accuracy that can be realistically achieved by a data fusion pro-
cess or system and conditions under which data fusion provides improved
performance; and (4) keeping track of the data collection environment in
a database management system. The main point is that one makes a syn-
ergistic utilization of the data from multiple sensors to extract the greatest
amount of information possible about the sensed object, scene, or envi-
ronment. Humans use data from sight, sound, scent, touch, and a priori
knowledge, then assess the world and events around them. This involves
the conversion of these data (from images, sounds, smell, shapes, textures,
etc.) into meaningful perceptions and features involving or leading to a
large number of distinctly intelligent decision processes.

However, sensor or data fusion should not be considered as a universal
method. Data fusion is a good idea, provided the data are of reasonably
good quality. Just manipulating many bad data would not produce any
great results—it might produce some results, but at a very high cost [1].
Many fused very poor quality sensors would not make up for a few good
ones, and it may not be easy to fix the errors in the initial processing of
the data at a later stage, after the data have been processed and inferences
are being drawn.

It is often said that the fusion of sensor data enhances accuracy, but of
what? What is actually meant is that the overall accuracy of the prediction
of the state of the system is increased. However, the accuracy of any sensor
cannot increase beyond what is specified by the manufacturer—that is the
intrinsic accuracy. Ultimately, the idea is that the overall uncertainty level,
after the fusion of data, is reduced, since information from various sen-
sors is utilized in the fusion process. The point is that since uncertainty
is reduced (and certainty is enhanced) the impression is that the accuracy
has improved. It just makes sense to believe that the accuracy is increased,
because the prediction is more certain than it would have been with only
a single sensor. This is true even though the accuracy of the sensor cannot
simply increase. Hence, the meaning of the term “increased accuracy” in
the data fusion process, interpreted in the context of reduction of predic-
tion uncertainty, should not create any fundamental confusion.

There are certain positive outlooks on the use and applications of MSDF
[1]: (1) In reference [6] the authors present a proof that the use of additional
sensors improves performance in the specific cases of majority vote and
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decision fusion; and (2) Dasarathy describes the benefits in increasing the
number of inputs to the fusion process [7], and discusses what, where,
why, when, and how the information fusion occurs in reference [3]. In the
analysis limited to the augmentation of two-sensor systems by one addi-
tional sensor, increasing the number of sensors may lead to a performance
gain depending on the fusion algorithm employed.

There are several other applications where some benefits of MSDF have
been realized; these can be found in the various references cited in this
book. However, a slight skepticism on “perfect” or “optimal” fusion meth-
ods is appropriate [1]. All DF systems may not be optimal, but some merit
can be derived from these systems, which can be conditionally optimal or
pareto-optimal. This should not prevent sensor data fusion activity, and
should give impetus to data fusion activities to search for better and better
data fusion solutions and systems with enhanced performance.

Fusion processes are often categorized in three levels of modes: low-,
intermediate-, and high-level fusion, as follows:

1. Low-level fusion or raw-data fusion combines several sources of
essentially the same type of raw preprocessed (RPP) data to pro-
duce a new raw data set that is expected to be more informative
and useful than the inputs. Of course, the data should be available
in the required engineering units, and could even be RPP data.
This can be expanded to include the fusion of estimated states of a
system or object by using data from several, often dissimilar, sen-
sors and is called state vector fusion. The entire process is called
kinematic data fusion, which can include kinematic states as well
as dynamic states. This is dealt with in Part I, along with some
fundamental concepts of data fusion.

2. Intermediate-level, mid-level fusion, or feature-level fusion com-
bines various features such as edges, lines, corners, textures, or
positions into a feature map. This map is used for segmentation
of images, detection of objects, etc. This process of fusion is called
pixel-, feature-, or image-level fusion and is dealt with in Part III.

3. High-level fusion, or decision fusion, combines decisions from
several experts. Methods of decision fusion are voting, fuzzy
logic, and statistical methods. Some aspects, mainly fuzzy logic-
based decision fusion, are dealt with in Part II.

In the following systems and applications, data fusion aspects can be
incorporated, or data fusion can be utilized [2,8,9]:

1. Modular robotics: Such a system is constructed from a small
number of standard units, with each module having its own
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hardware/software (HW/SW), driven and steered or controlled
units, sensors, data communication links, power units, path-
planning algorithms, obstacle avoidance provisions, sensor fusion,
and control systems. There is no central processor on the vehicle.
The vehicle employs multiple sensors to measure its body posi-
tion, orientation, wheel position and velocities, obstacle locations,
and changes in the terrain. The sensor data from the module are
fused in a decentralized manner and used to generate local con-
trol for each module. Such a modular system reduces cost and
has flexibility, increased system reliability, scalability and good
survivability (and modularity).

. The NASA Mars Pathfinder Mission’s Sojourner Rover (1997): The
autonomous operations are: terrain navigation, rock inspections,
terrain mapping, and response to contingencies. It has five laser
stripe projectors and two charge-coupled device (CCD) cameras to
detect and avoid rocks. It also has bumpers, articulation sensors,
and accelerometers. It is an example of a multisensor or multi-
actuator system. The fusion algorithms in the Rover are based on
the state-space methods (extended Kalman filter [EKF] is used)
and are centralized.

. The Russian Mir Space Station and the Columbia Space Shuttle
could use decentralized data fusion and control strategies.

. A brief summary of data fusion applications in manufacturing
and related processes is given in [9]:

a. Online prediction of surface finish and tool wear using a neu-
ral network-based sensor fusion scheme to estimate, predict,
and control the online surface finish.

b. A tool failure detection system using multisensor: A normal-
ized mean cutting force derived from a tool dynamometer,
maximum acceleration (obtained from an accelerometer), and
an amplitude of displacement acquired from a gap sensor are
fused to successfully detect impending tool breakage online.

c. Nondestructive testing (NDT) data fusion at pixel level: The
fusion of data obtained from NDT of a carbon fiber reinforced
composite (CFC) material inspected using eddy current and
infrared (IR) thermograph.

d. Data from three different types of sensors—acoustic emission
sensor, vibration sensor, and motor current sensor—are com-
bined to determine the tool wear. The wear data is categorized
into four classes—no wear, little wear, medium wear, and high
wear—and are defined in terms of fuzzy membership func-
tions. Four different classification tools—nearest neighbor,
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two types of artificial neural networks (ANN), and a fuzzy
inference system (FIS)—are used to classify the incoming
ware descriptive data from the different sensors. Then the
decisions from these classifiers are combined to derive the
final decision.

e. Nondestructive flaw detection in concrete structures: The data
from ultrasonic and impact echo tests are combined using
Dempster—Shafer evidential reasoning models to accomplish
decision-level identity fusion.

f. NDT: The information from heterogeneous data sources such
as x-ray, ultrasonic, and eddy current is exploited in a synergy
among complementary information.

Other possible applications of data fusion include [9]: (1) human identity
verification, (2) gas turbine power plants, (3) wind-tunnel flow measure-
ments, and (4) mine detection. A survey of many systems that use data
fusion aspects in military applications, as well as other nontraditional
MSDF applications, is presented in [4].

Chapters 2 to 4 cover some important data fusion process models and
propose a small modification in one data fusion process model. They also
cover estimation fusion models and rules, data fusion methods, and strat-
egies and algorithms for kinematic-level data fusion (for tracking of mov-
ing objects), and will present some performance studies.






2

Concepts and Theory of Data Fusion

Data fusion (DF) or multisensor data fusion (MSDF) is the process of
combining or integrating measured or preprocessed data or information
originating from different active or passive sensors or sources to produce
a more specific, comprehensive, and unified dataset or world model about
an entity or event of interest that has been observed [1-8]. A conceptual
DF chain is depicted in Figure 2.1, wherein the fusion symbol is indicative
of the fusion process: addition, multiplication (through operations involv-
ing probabilities, e.g. Bayesian or Dempster-Shafer [DS] fusion rule), or
logical derivation; in addition, the hierarchy is indicated by two circles.
This implies that fusion is not just an additive process. If successful, fusion
should achieve improved accuracy (reduce the uncertainty of predicting
the state or declaring the identity of the observed object) and more specific
inferences than could be achieved using a single sensor alone. Multiple
sensors can be arranged and configured in a certain manner to obtain the
desired results in terms of sensor nodes or decision connectivity. Occa-
sionally, the arrangement is dictated by the geometrical or geographical
disposition of the available sensors, such as radars.

2.1 Models of the Data Fusion Process and Architectures

Sensor-fusion networks (NWs) are organized topologies that have spec-
ified architectures and are categorized according to the type of sensor
configuration, as described below (see also Figure 2.2) [4]:

1. Complementary type: In this type of sensor configuration, the
sensors do not depend on each other directly. One sensor views
one part of the region, and another views a different part of the
region, thereby giving a complete picture of the entire region.
Because they are complementary, they can be combined to estab-
lish a more complete picture of the phenomenon being observed
and hence the sensor datasets would be complete. For example,
the use of multiple cameras, each observing different parts of a
room, can provide a complete view of the room. The four radars
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The conceptual chain of data fusion from data to the fusion result.
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FIGURE 2.2

Data-fusion sensor networks: (a) Complementary sensor network: viewing different
regions. (b) Competitive sensor network: viewing the same area. (c) Cooperative sensor
network: two vision cameras producing a single 3D image of “O.”

around a geographical region would provide a complete picture
of the area surrounding the region (Figure 2.2a). Fusion of com-
plementary data is relatively easy because the data from inde-
pendent sensors can be appended to each other.

2. Competitive type: In this type of configuration (Figure 2.2b), each
sensor delivers independent measurements of the same attribute
or feature. Fusion of the same type of data from different sensors
or the fusion of measurements from a single sensor obtained at
different instants is possible. This configuration would provide
robustness and fault-tolerance because comparison with another
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competitive sensor can be used to detect faults. Such robust
systems can provide a degraded level of service in the presence
of faults; moreover, the competing sensors in this system do not
necessarily have to be identical.

3. Cooperative type: In this type of configuration, data provided by
two independent sensors are used to derive information that would
not be available from a single sensor (see Figure 2.2¢), as in a ste-
reoscopic vision system. By combining the two-dimensional (2D)
images from two cameras located at slightly different angles of inci-
dence (viewed from two image planes), a three-dimensional (3D)
image of the observed scene, marked “O,” is determined. Coopera-
tive sensor fusion is difficult to design, and the resulting data will
be sensitive to the inaccuracies in all the individual sensors.

In terms of usage, the three categories of sensor configurations are not
mutually exclusive, because more than one of the three types of config-
urations can be used in most cases. In a hybrid configuration, multiple
cameras that monitor a specific area can be used. In certain regions moni-
tored by two or more cameras, the sensor configuration could be either
competitive or cooperative.

2.1.1 Data Fusion Models

MSDF is a system-theoretic process (a synergy of sensing, signal and
data processing, estimation, control, and decision making) that is very
involved, and hence an overall model that interconnects the various
aspects and tasks of the DF activities is very much needed. This would
also lend a systems approach to the DF process. We discuss several such
models here.

2.1.1.1 Joint Directors of Laboratories Model

One very popular model, originating from the US Joint Directors of Lab-
oratories (JDL), Department of Defense, is the JDL fusion model (DoD,
USA, 1985/1992) [1,4]. The JDL model has five levels of data processing
and a database. These levels are interconnected by a common bus and
need not be processed in a sequential order; nevertheless, they can be
executed concurrently. There are three main levels—levels 1, 2, and 3, as
shown in Figure 2.3 [1,4]. There are many sublevels and auxiliary levels
for processing data, combining the available information, and evaluat-
ing the performance of the DF system. Several such aspects are briefly
reviewed here. Although the terms used here have been borrowed from
defense applications, similar terms are quite appropriate for other non-
defense civilian DF applications. For such civilian applications, some
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JDL data-fusion process models (USA): (a) top-level process model (adapted from Hall, D. L.
1992. Mathematical techniques in multi-sensor data fusion. Norwood, MA: Artech House. With
permission); (b) the detailed process model (adapted from Waltz, E. and J. L. Llinas. 1990.
Multi-sensor data fusion. Boston: Artech House. With permission.)
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parts of the JDL model would be more appropriate, and interested users
can determine the appropriate terms.

The JDL fusion-process model is a functionality-oriented DF model
and is intended to be very general and useful across multiple applica-
tion areas—from a sensor NW to the human-computer interface (HCI),
with sub-buses having up to four levels of signal-fusion processing and
performance evaluation. The output from the DF process in the model—the
identification and characterization of the individual entities or objects—is
supposed to be minimally ambiguous [1,4]. It is also expected to facili-
tate a higher-level interpretation of certain entities within the context of
the intended application environment. The JDL-data fusion process (DFP)
model is a conceptual model that identifies the processes, functions, cat-
egories of techniques, and specific techniques applicable for DF. DFP is
defined and conceptualized by sources of information, human-computer
interaction, preprocessing at the source, DF levels, and finally, the data-
management system, including performance evaluation. The JDL model
is an information-centered, abstract model, with specific characteristics as
explained below [1,2,4].

Information from a variety of data sources, such as sensors, a priori infor-
mation, databases, human input (called humint, for human intelligence),
and electronic intelligence, is normally required and collected for DF.
This could, in an overall sense, be called intelligence-collection assets,
regardless of whether a particular sensor is intelligent or not. The idea
is that some intelligence could have been used somewhere in the sensor
system or NW. The sensor system could be called intelligent if it is sup-
ported by mechanisms of artificial intelligence (Al), which utilize artifi-
cial neural networks (ANNSs) for learning, fuzzy logic (rule-based fuzzy
approximate reasoning for logical decision making), and/or evolutionary
algorithms for detection, acquisition, or preprocessing of measurements.
The sources of information include [1,4] the following: (1) local sensors
associated with the DF system, (2) distributed sensors linked electrically
or through radio waves to a fusion system, and (3) reference information,
geographical information, and so on. The collected data are preprocessed,
and a preliminary filtering is attempted. The time and location and the
type and signatures of the collected data are defined or determined at
this level, often called level 0 (this is not explicitly indicated in Figure 2.3,
but implied as a part of the second column). The data can be grouped and
classified, and some signatures can be added or integrated along with the
type of the data. Priorities for the further processing of certain data can be
assigned, and then level-1 processing can begin, as shown in Figure 2.3.

Object refinement (level 1): At this level, several tasks are carried out,
including data alignment (transformation of data into a consistent ref-
erence frame and units), association (using correlation methods; bet-
ter known as data association), tracking actual and future positions of
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objects, and identification using classification methods. This level con-
sists of numerical procedures, such as estimation, target tracking, and
pattern recognition. Object refinement aids in object assessments by
combining the location, parametric, and identity information to achieve
refined representations of individual objects (such as emitters, platforms,
and weapons) regarding their type, identity, position, velocity, accelera-
tion, and so on. Level 1 performs the following four functions: (1) trans-
forms data into a consistent set of units and coordinates; (2) refines and
extends to a future time the estimates of an object’s position, kinematics,
dynamics or attributes; (3) assigns data to the objects to allow the applica-
tion of statistical estimation techniques; and (4) refines the estimation of
an object’s identity or classification. Level-1 fusion can be categorically
divided into two parts: (1) kinematic fusion, which involves fusion of local
information to determine the position, velocity, and acceleration of mov-
ing objects, such as missile, aircraft, ships, people, and ground vehicles;
and (2) identity fusion, which involves fusion of parametric data to deter-
mine the identity of an observed object, e.g., deciding whether a moving
object is a missile or an aircraft. Identity estimation can be augmented by
rule-based expert systems, wherein various types of factual or procedural
information can be exploited to aid the identity estimation.

Situation refinement (level 2): In this level, an attempt is made to find
a contextual description of the relationship between the objects and
observed events. After processing the data at level 1, the situation is ascer-
tained and further analysis is carried out to refine the situation, if needed.
The main goal is to obtain a total picture of the enemy’s objective for pur-
poses such as defense application. This is a very complex process.

Threat refinement (level 3): On the basis of the a priori knowledge and
predictions about the future situation, inferences about vulnerabilities
and opportunities for operation are constructed. During threat assess-
ment, several aspects are considered, such as (1) estimation of danger, (2)
indication of warning, and (3) targeting. The ultimate aim is to obtain a
refined assessment of the threat (and its perception), on which important
decisions and actions can be based.

Process refinement, often added as level 4, is a metaprocess that moni-
tors the system performance, e.g., real-time constraints, and reallocates
sensors and sources to achieve particular goals or mission objectives. At
this level, we are not concerned with the data (processing). However, sen-
sor management is an appropriate aspect to study and employ at this level
for optimal use of sensor suites.

Some DF theorists and practitioners also include the cognitive-refinement
level [4] as level 5, which is between level 3 and the HCI, thereby introducing
the concept of Al at this stage in a limited manner.

The JDL model is supported by a database-management system, which
monitors, evaluates, adds, updates, and provides information for the fusion
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processes, because a large amount of data is involved. Man-machine inter-
action (in particular, HCI) is very crucial and provides an interface for
human input and communication of the fusion results to operators and
users. HCI allows human inputs, such as commands, information requests,
human assessments of inferences, and reports from human operators.
HCI is the mechanism by which a fusion system communicates results
via alerts, displays, and dynamic overlays of both positional and identity
information on geographical displays. The JDL model is more appropri-
ate for the application of MSDF in defense and is more suited for the C412
systems, i.e. command, communication, control (without any feedback),
computer, intelligence, and information. However, of the total technical
tasks of the C412/]JDL [4], the DF share is about 25-30%.

2.1.1.2 Modified Waterfall Fusion Model

The waterfall fusion process (WFFP) model emphasizes the processing
functions of the lower levels, as depicted in Figure 2.4 [1,10]. The process-
ing stages of the waterfall model have some similarities with the JDL
model. They are as follows: (1) Sensing and signal processing relating to
source preprocessing (level 0 of JDL model); (2) feature extraction and pat-
tern processing corresponding to object refinement (level 1 of JDL model);

Pattern processing/Recognition J

[ Sensing (sensor data) }

FIGURE 2.4
Modified waterfall fusion-process model: The shadings indicate the increasing task com-
plexity in each three-stage processing; it includes at least one open-loop control action.
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(3) situation assessment (SA) relating to situation refinement (level 2 of
JDL model); and (4) decision making relating to threat refinement (level 3
of JDL model). The WFFP model is similar in some aspects to the JDL
model; however, the WFFP model is very easy to apply. There is no feed-
back of data flow in the WFFP model because this is an acyclic model.
In Figure 2.4, a modified WFFP model is proposed and presented, where
(1) the increasing complexity of the subtask is indicated by darker shades
within the first (from sensing to extraction of features) and second (from
pattern processing to decision making and control actions) stages of the
three-stage process; and (2) there are some feedback loops. The model rep-
resented in Figure 2.4 is a modified version of the original model [1,10] and
can include at least one open-loop control action or some feedback-loop
control actions. Thus, the proposed modified WFFP model is an action-
oriented model. It has been modified using local feedback loops, as fol-
lows (Figure 2.4): (1) From the decision making and control actions to the
situation-assessment block, to reflect the situation refinement and its use
as new control action; (2) from pattern processing to signal processing,
to reflect the enhanced pattern recognition and its use in refining the
SA; and (3) from the decision making and control actions to the feature-
extraction block, to reflect the improved decision making process and new
control action based on the enhanced feature extraction. Thus, the modi-
fied WFFP model is more than an abstract model; it is action-oriented,
when compared with the JDL or the conventional WFFP models.

2.1.1.3 Intelligence Cycle—Based Model

Because the DF process has some inherent cyclic processing behavior
that is not captured in the JDL model, the intelligence cycle-based (IC)
model tries to capture these cyclic characteristics [1,11], comprised of the
following five stages:

1. In the planning and direction stage, the intelligence requirements
are determined.

2. In the collection stage, the appropriate information is gathered.
3. In the collation stage, the collected information is streamlined.

4. In the evaluation stage, the available information is used and the
actual fusion is carried out.

5. In the dissemination stage, the fused intelligence and inferences
are distributed.

This model is a macrolevel data-processing DF model and looks more like
a top-level model than the WFFP model. The sublevel actions and pro-
cessing tasks are not defined or indicated in the IC model, although these
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tasks can be implicitly presumed to be present. It would be appropriate
to regard the IC model as a superset model, and it appears to be more
abstract than the JDL and the modified WFFP models.

2.1.1.4 Boyd Model

The Boyd control cyclic (or observe, orient, decide, and act [OODA]) loop
(BCL) model, shown in Figure 2.5 [1,12], represents the classic decision-
support mechanism in military-information operations and has been
widely used for sensor fusion; it has a feedback loop. It uses the OODA
cycle, described below: (1) the observation stage is mainly comparable to
the source preprocessing step of the JDL model and as a part of the col-
lection phase of the IC model; (2) the orientation phase contains, perhaps
implicitly, the functions of levels 1, 2, and 3 of the JDL model, whereas in
the IC model, this stage corresponds to the structured elements of the col-
lection and the collation phases; (3) the decision stage compares with level 4
of the JDL model and the process refinement and dissemination phases of
the IC model; and (4) the action phase is a comparable to the dissemination
phase in the IC model, and in the JDL model, there is no apparent closed
loop. The BCL model is more comparable to the modified WFFP model,
and it is abstract in nature, specifying only an O-O-D-A loop; being more
abstract than the IC model, it is a top-level model. An appropriate combi-
nation of the IC and BCL loop models would yield a better fusion-process
model, making the new combination model less abstract and more action-
oriented. One such combination has yielded the omnibus (OB) model.

FIGURE 2.5
The Boyd observe, orient, decide, and act cyclic-loop model.
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2.1.1.5 Omnibus Model

The OB model integrates most of the beneficial features of other
approaches, as shown in Figure 2.6 [1,13]. The OB model defines the
order of the processes involved to make the cyclic nature more explicit
and additionally, it uses a general terminology. Its cyclic nature is com-
parable to the BCL model. It provides reasonably detailed processing
levels compared to the BCL model. The various levels are as follows:
(1) The sensing and signal processing steps are conducted by the obser-
vation phase of the BCL model; (2) the feature extraction and pattern
processing comprise the orientation phase; (3) the context processing
and decision making are included in the decision phase; and (4) the
control and resource tasking are conducted by the action phase. The
sensor DF is the route from the observation to the orientation phases.
The path from orientation to decision is through soft-decision fusion.
The route from decision to action is through hard-decision fusion, and
from action back to observation involves the sensor-management pro-
cess. Some aspects of the WFFP model are also found in the OB model.
The OB fusion-process model is more complete than the WFFP (and
modified WFFP), IC, and BCL fusion models because it encompasses
many important features and functional aspects of these models. The
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The omnibus cyclic data-fusion model: The rectangles define the omnibus model in more
detail compared to the Boyd observe, orient, decide, and act model (BCL in dotted lines).
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OB model is simple and easy to apply and follow for many non-defense
DF applications. In addition, the OB model is more generalized than
the previous three models and has a cyclic and closed-loop action ele-
ment, making it more attractive than the JDL fusion model. Thus, the OB
model can be regarded as the standard fusion-process model for non-
defense DF processing and applications.

2.1.2 Fusion Architectures

The MSDF process, as described above, involves integration of sensors,
data preprocessing, estimation, and a further higher level of processing
and decision making. It demands a definite arrangement of sensors and
sensor-data acquisition systems and signal-processing aspects, which are,
in turn, dictated by the fusion architectures. Mainly, there are three types
of architecture, as discussed in Sections 2.1.2.1 to 2.1.2.3 [4,8].

2.1.2.1 Centralized Fusion

Centralized fusion architecture, as shown in Figure 2.7a [4], used mainly
for similar sensors, involves time-synchronization and bias correction of
sensor data, transformation of the sensor data from sensor-based units
and coordinates into convenient coordinates and units for central process-
ing, e.g., polar to earth—centered, earth-fixed coordinates, gating and asso-
ciation in case of multiple targets, and measurement fusion. Decisions are
based on the maximum possible information gathered from the system
of sensors, also called measurement fusion. Thus, centralized fusion is a
conventional estimation problem with distributed data.

2.1.2.2 Distributed Fusion

Distributed fusion (Figure 2.7b) [4,8] is mainly used for dissimilar sensors
(sensors with different observation frames) i.e. infrared and radar; how-
ever, it can still be used for similar types of sensors. In this architecture,
observation data from each sensor is processed by an individual Kalman
filter (KF), extended KE or square-root information filter (SRIF) at each
node. The local track, consisting of the estimated state vector and cova-
riance matrix from each filter, is used as input to the state-vector fusion
process, and the output is the fused state vector and its (fused) covari-
ance matrix. The information is processed locally at each node; there is no
central fusion here. This architecture is useful for large flexible and smart
structures, monitoring of aircraft or spacecraft health, huge automated
plants, large sensor NWs, and chemical industries. This is also referred to
as estimation fusion (EF) in target-tracking applications.
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Three sensor data-fusion architectures: (a) centralized processing in the fusion center,
(b) decentralized processing at each node-processing unit, and (c) hierarchical processing.

2.1.2.3 Hybrid Fusion

Hybrid fusion, as shown in Figure 2.7c [4], involves both centralized-
and distributed-fusion schemes, based on the disposition of the required
sensor configurations. During ordinary operations, distributed fusion
is used to reduce the computational workload and communication
demands; however, under specific circumstances, such as when more
accuracy is desirable or the tracking environment is dense, central-
ized fusion can be used. Alternatively, based on the sensors avail-
able, a combination of both schemes may be used to obtain the fused
state of a particular target of interest. This architecture is very suit-
able for the data processing and fusion system of a flight-test range (in
Sections 4.1 and 4.2, a realistic hierarchical MSDF scheme is shown in
Figure 4.1).
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2.2 Unified Estimation Fusion Models and Other Methods

Fusion methods (actual fusion of data, derived data or information, and
inferences) can be based on: (1) probabilistic and statistical models such
as Bayesian reasoning, evidence theory, robust statistics, and recursive
operators; (2) least-square (LS) and mean square methods such as KF,
optimization, regularization, and uncertainty ellipsoids; or (3) other heu-
ristic methods such as ANNSs, fuzzy logic, approximate reasoning, and
computer vision [2]. The basic process and taxonomy of DF are illustrated
in Figure 2.8 [4]. This is called the positional concept; however, it is valid
for other state variables of the object being tracked, such as velocity,
acceleration, jerk (change in accelerations, and even surge, if need be),
and bearing (angle and orientation data). The parametric association
involves the measure of association and the association strategies. The
following tools can be used for measuring the data association: (1) corre-
lation coefficients to correlate shapes, scatter, and elevation; (2) distance
measures, such as the Euclidean norm and the Mahalanobis distance; and
(3) probabilistic similarities. The association strategies involve (1) gating
techniques (e.g., elliptical or rectangular gates and kinematic models);
and (2) assignment strategy (nearest neighbor, probability data associa-
tion, and so on). There are several parameter- and state-estimation meth-
ods that may be useful [14]. Two methods are briefly described in the
Appendix.

In this section, the theory and concept of unified fusion models (UM)
and fusion rules are discussed as a general and systematic method to esti-
mate and track the fusion approach [15-19]. The approach is called DF,
for estimation, or EF, for estimation fusion, e.g., target tracking using data
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FIGURE 2.8
Basic sensor data-fusion process and taxonomy: implicitly involves certain aspects from
the JDL-DFP model.
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from multiple sensors (also referred to as track fusion or track-to-track
fusion) [15-19]. It addresses the issue of how to utilize the information
available from the multiple sets of data and multiple sources and sensors
with the aim of estimating an unknown quantity or a parameter of the
process [14]. In addition, there is the possibility of using multiple data
collected from a single source over a long period. The problems of fil-
tering, prediction, and smoothing can be regarded as special EF prob-
lems [14-19]. We consider, from the EF viewpoint, two basic fusion
architectures: (1) centralized measurement fusion in target tracking, and
(2) decentralized (or distributed) EF in target tracking. Some of the clas-
sical limitations of conventional fusion methods are as follows [15-19]:
(1) Sensor measurement errors are regarded as uncorrelated. How-
ever, in practice, many such errors are correlated, because a quantity or
entity is observed by multiple sensors in a common noisy environment.
(2) The individual nodes in the dynamic models are assumed to be iden-
tical; this is not true in practice, because different models might become
necessary, mainly because of the differences in the sensor models.
(3) The NW configuration and information-flow patterns of the dis-
tributed systems are assumed to be simple. For a complicated NW, it is
very difficult to arrive at a simple fusion rule that would be equivalent
to the corresponding central-fusion rule. The fusion rules discussed are
uniform and are optimal in the linear class for centralized, distributed,
and hybrid architectures [15-19]. For the development of EF-UMs and
rules, it is hypothesized that the local estimates are “observations” of the
estimates. The quantity (say, x) to be estimated is called an “estimatee”
[15-19].

2.2.1 Definition of the Estimation Fusion Process

A distributed sensor system with n sensors and a fusion center is consid-
ered here, wherein each local sensor is connected to the fusion center. Let
the following be specified at each sensor (local node): Z; observations with
R, as the covariance matrix of the corresponding noises, x as the quantity
to be estimated (an estimatee), X, as the local estimate of x, with its covari-
ance matrix P, = cov(¥,){of the estimation error: ¥, = x — x,}. At the fusion
center, we have X and P = cov(X) as the estimate and its covariance (for
error X = x — X). We need estimates of x and its covariance matrix, which
can be derived by using all the available information Y ={y,,...,y,} at the
fusion center. The EF is categorized in the following ways: (1) central-
ized fusion (central-level fusion or measurement fusion), in which Y =Z,
and all unprocessed data or measurements are available at the fusion
center; (2) decentralized fusion (distributed fusion, sensor-level fusion,
or autonomous fusion), in which Y =D ={g¢,(Z,),..., §,(Z,)}, implying that
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only data-processed measurements are available at the fusion center;
(3) standard distributed fusion (known as EF in target tracking), in which
Y ={(x,, P),...,(x,, P,)}; and (4) hybrid fusion, in which both processed
and unprocessed data are presented to the fusion center.

2.2.2 Unified Fusion Models Methodology

Let us assume the following:

z, =hx+m, 2.0

Here, z; is the measurement of the ith sensor, and M; is the measurement
noise. Next, a local estimate is viewed as an observation of the estimate
[15-19], as shown below:

X, =x+(X, —x)=x+(-X,) 2.2

Equation 2.2 is similar to an observation or measurement equation, where
the “new observation” %, is actually the estimate of x and the additive
term is regarded as an error (noise). The above model is referred to as the
data model for standard distributed fusion. Also consider the following
equation:

Y, =8:/(z)=a,+Bz =B(hx+m)+a
=Bhx+(Bm,+a,)=Bhx+n, (2.3)
In Equation 2.3, z, is processed linearly and sent to the fusion center. In

this case, a,and B, are known. This model is referred to as the linearly-
processed data model for distributed fusion.

2.2.2.1 Special Cases of the Unified Fusion Models

If B, =1 and n, =1, thenwehave y, = h,x +n,, whichisa centralized fusion
model of Equation 2.1. If Bs, =1 and 1, = X, then we have y, = x+(-%,),
which is Equation 2.2 in the standard distributed-fusion model. Next, the
unified model of the data available to the fusion center is defined as

y,=Hx+o, 24)
In the batch-processing mode, it is represented as follows:

y" =Hx+v" (2.5)
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The above model is valid for centralized, distributed, and hybrid DF
architectures. From Equations 2.4 and 2.5 in the above model, we get the
following definitions [15-19]:

z,—>CL n, —>CL
y,=4x,—>SD¢; v,=9-X,—>SD
y,—>DL n, —>DL

Here, CL=centralized with linear observations, SD=sstandard distributed,
and DL=distributed with linearly processed data. We further have:

yl Hl vl
h, —>CL ) . .
H,=41 ->8D¢; y'=4. ; H=4q. ; v"=1. (2.6)
B.h,—>DL . .
Yy |H, 0,

2.2.2.2 Correlation in the Unified Fusion Models

R ->CL
Let C=cov(v")=¢.R—>SD; be the general covariance matrix, with
R —->DL

R =cov(n,,...,n,) (measurement-noise covariance matrix); R= cov(x, , ..., X, )
(the joint error covariance of the local estimates); and R= cov(n,,...,n,)
(the covariance of equivalent observation noise). The noise components
(vy,...,0,) of the UM could be correlated, and then “C” is not necessar-
ily a block-diagonal matrix. R is usually assumed to be block-diagonal;
however, this is not always true, because the measurement noises of a
discrete-time multisensor system obtained by sampling the continuous
time system would be correlated. Moreover, these components would be
correlated if x is observed in a common noisy environment and if the sen-
sors are in the same platform. In addition, measurement-noise statistics
would depend on the distance (x, y, z) of the target from the measurement
suite. The matrix R is seldom block-diagonal, and the noise v and the esti-
mate x could be correlated as follows:

Cov(x,v")=A and cov(x,v,)=A,

1

Thus, A, = cov(x,v;) = cov{(¥, + X, — X),(-X,)}
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From Equation 2.1, we have x = X +X,, and after expansion and simplifi-
cation, we have cov(x,v,) = —P, according to the orthogonality principle.

It follows that Equations 2.4 and 2.5 are the unified data model for the
three linear types of fusion architectures described earlier; however, the
measurement noises would be correlated with each other and with x. An
alternative distributed fusion model is provided next.

Let X, be represented as follows:

& =% +K,(z —hx)=[1- KhE +Kz 2.7)

using the linear measurement model of Equation 2.1 for z,. Then, we have
y; as the linearly processed measurement form [15-19], as shown below:

% =[1- KhJ%, + K,(hx +7,) 2.8)
v, =X, -[I-Kh]x,=Khx+Kn,=Bhx+v, (29

The covariance of v,is C = cov(v) = [Cij] =[K,R,K’]= KRK’; K =diag[K, ...K, ].

1 q ]

We can see that C would be block-diagonal if R is also block-diagonal. We
need to send data y, to and gain K, to the fusion center. This architecture
is referred to as simple nonstandard distributed fusion.

2.2.3 Unified Optimal Fusion Rules

In Sections 2.2.3.1 through 2.2.3.5, some unified optimal fusion rules and
their associated mathematical derivations are given.

2.2.3.1 Best Linear Unbiased Estimation Fusion Rules with Complete
Prior Knowledge

Let us consider the UM of Equation 2.5. The best linear unbiased esti-

mation (BLUE) fusion rule (FR) with complete prior knowledge is given

when the prior mean E{x} = ¥ and the prior covariance P, = cov (x) (and A)

are specified:

%P = argmin E{(x — X)(x — )| Y | }; the minimum is taken over X = a + By".
The details are as follows [15-19]:

Xx=X+K(y"-HX)
P=cov(x+Xx|Y|)=P,—KSK’
S=HPH'+C+HA+A’H’
U=I-KH
P=URU’+KCK’-UAK’ - (UAK")’
x=x+K(y"-HX)

(2.10)
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2.2.3.2 Best Linear Unbiased Estimation Fusion Rules without
Prior Knowledge

If there is no prior knowledge about the estimate (i.e., E{x} is not known) or
the prior covariance matrix either is not known or does not exist, then the
BLUE ER for the model Equation 2.5 is represented as follows [15-19]:
Kyn — Kyn

KCK’=KCK’

H+(I - C{TCT}*) (2.11)
K — H+ (I — CTl/Z (Tl/Z'CTl/Z )71 Tl/Z'))

X
P
K
K

with (H, C'?) having full-row rank; T2 is the full-rank square root of
T =1-HH* and CY2isthe SQRT(C). If C is nonsingular, then K =PH'C.

2.2.3.3 Best Linear Unbiased Estimation Fusion Rules
with Incomplete Prior Knowledge

If prior information about some components of E{x} is not available, then it
is proper to assume that P; does not exist (i.e., P;! is singular). We can then
set certain elements (or the eigenvalues) of P; as infinity. We can assume
that x = E{x}, Cov(x,v")=A, and a positive semidefinite symmetric but
singular matrix F;?! is given. Then, for the UM of Equation 2.5, the optimal
BLUE FR is generated by the following equations [15-19]:

&= VK[(V/%),y"]
P =VKCK'V’ (212)
K =H+*(I-C{TCT}*)

- (ol - [A -vaA
Here, H = U1..,,01 ; C=|"1 " ov=lv, V]
HV ~(V/AY C

The matrix V diagonalizes PB;' as P! =Vdiag(A{',0,...,0)V’, with
A, =diag(},,...,A,)>0; r = rank(F;!).

2.2.3.4 Optimal-Weighted Least Squares Fusion Rule

For the UM of Equation 2.5, we have the following weighted least-squares
(WLS) fusion equations [15-19]:

A

x=Ky"
P=KCK’=[H'C'HJ* (2.13)
K=PH'C!
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2.2.3.5 Optimal Generalized Weighted Least Squares Fusion Rule

For similar conditions as in the BLUE fusion rule with complete prior
knowledge, we have the following WLS fusion rule formulae.
Let the model be written as:

Yo=Xx+7,=X (2.14)

with Cov(v,) =cov(X —x) = P, . In addition, let

R X _ I _ v ~ | P -Al _ ~
y”=|: } H:[ } ’Z)”:l 0} C=|: 0 :| y”:Hx+ZJ” (215)
y, H 0, A C

Then, the estimator is represented as [15-19]:

% =argmin (" — H&)’ C-'(y" — H?) = Ky"
P=KCK =[H'C'HJ (2.16)
K=PH'C

The derivations, many comparative aspects, and detailed analyses of these
UM-based optimal, linear fusion rules are treated extensively in papers
by Rong Li et al. [15], Rong Li and Wang [16], Rong Li and Zhang [1718],
and Rong Li et al. [19].

These EF rules and algorithms are very useful for target tracking and
fusion applications, in addition to image tracking. A basic LS method for
target-position EF is described in Section 11.3.

2.2.4 Kalman Filter Technique as a Data Fuser

The KF technique is very useful in the kinematic fusion process. The
three widely used methods to perform fusion at the kinematic level are
(1) fusion of the raw observational and measurement data (the data con-
verted to engineering units), called centralized fusion; (2) fusion of the
estimated state vectors or state-vector fusion; and (3) the hybrid approach,
which allows fusion of raw data and the processed state vector, as desired.
Kalman filtering has evolved to become a very high-level state-of-the-art
method for estimation of the states of dynamic systems [14]. The main
reason for its success is that it has a very intuitively appealing state-space
formulation and a predictor-corrector estimation and recursive-filtering
structure; furthermore, it can be easily implemented on digital computers
and digital signal processing units. It is a numerical data processing algo-
rithm, which has tremendous real-time and online application potential.
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This is due to its recursive formulation: new estimate = previous estimate +
gain times the residuals of the estimation. This is a very powerful and yet
simple estimation data-processing structure. Most of the real-time and
online estimation and filtering algorithms have similar data-processing
structures or algorithms. However, KF is a mathematical model-based
approach.

We describe a dynamic system as follows:

x(k+1) = 0x(k) + Bu(k) + Guw(k) 2.17)
z(k) = Hux(k) + Du(k) + v(k) (2.18)

Here, x is the n x 1 state vector; u is the px1 control input vector to the
dynamic system; z is the m x 1 measurement vector; w is a white Gaussian
process-noise sequence, with zero mean and covariance matrix Q; v is a
white Gaussian measurement-noise sequence, with zero mean and covari-
ance matrix R; ¢ is the n x n transition matrix that propagates the state (x)
from k to k + 1; B is the input gain or magnitude vector or matrix; H is the
m x n measurement model or sensor-dynamic matrix; and D is the m x p
feed forward or direct-control input matrix, which is often excluded from
the KF development. In addition, B is often omitted if there is no explicit
control input playing a role. Modification of the KF with inclusion of B
and D is relatively straightforward. Although most dynamic systems are
continuous in time, the KF technique is the best discussed and is mostly
used in the discrete-time form. The problem of state estimation using KF
is formulated as follows: given the model of the dynamic system, statistics
regarding the noise (Q, R) processes, the noisy measurement data (z), and
the input (1), determine the optimal estimate of the state, x, of the system.
We presume that the state estimate at k has evolved to k + 1. At this stage,
a new measurement is made available, and it hopefully contains new
information regarding the state, as per Equation 2.18. Hence, the idea is to
incorporate the measurement into the data-fusion (i.e., update or filtering)
process and obtain an improved and refined estimate of the state.

2.2.4.1 Data Update Algorithm

We have the measurement z, know H, and have assumed R; we further
have/assume ¥(k) — the “a priori” estimate of state at time k, i.e., before
the measurement data is incorporated, and P — the “a priori” covariance
matrix of the state-estimation error (the time-index k is omitted for sim-
plifying the equations). Then, the measurement-update algorithm (essen-
tially, the filtering of the state vector by considering the measurement
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data) to obtain X(k) — the updated estimate of state at time k, i.e., after the
measurement data is incorporated, is given as:

Residual equation:

r(k) = z(k) — H X(k) (2.19)
Kalman gain:
K =PHT(HPHT +R) (2.20)
Filtered state estimate:
x(k) = x(k)+ Kr(k) (2.21)

Covariance matrix (posteriori):

P=(I-KH)P 2.22)

2.2.4.2 State-Propagation Algorithm

This part of the KF method, which applies the previous estimates of x and
P, is represented as:

State estimate:

Z(k+1) =0 %(k) (2.23)
Covariance matrix:
P(k+1) = 0P(k)o" + GQGT (2.24)

In the KF method, K = PH”S"and S = HPHT + R, and matrix S is the cova-
riance matrix of residuals (also called innovations). The actual residuals
can be computed and compared with the standard deviations obtained
by calculating the square root of the diagonal elements of S. The process
of tuning the filter to bring the computed residuals within the bounds of
at least two standard deviations is an important filter-tuning exercise for
obtaining the correct solution to the problem [14].

We can clearly see that, through the inclusion of z (if it is a vector of
several observables, such as position and angles), the KF in the form given



32 Multi-Sensor Data Fusion: Theory and Practice

above is itself a measurement data—level fusion algorithm. It combines
the measurements of these observables directly at the data level and pro-
duces an optimal estimate of the state x. For each measurement type, one
should choose appropriate H vectors or matrices and their corresponding
R matrices. Therefore, the KF fundamentally accomplishes a DF task. The
other fusion process, state-vector fusion, is illustrated in Section 3.1.1 (also,
refer Exercise 1.26).

2.2.5 Inference Methods

An inference (based on some initial observations) [2,4,20,21] is defined as
an act of passing from one proposition, statement, or judgment considered
or believed to be true to another, whose truth is believed to follow, by
some logic, formulae, or process, from that of the former proposition or
statement. Inference methods (IM) are used for decision making or fusion
to arrive at a decision from the available knowledge. The decision con-
cerning whether the road in front of a vehicle is blocked or free, given the
measurements of multiple distance sensors, can be regarded as an infer-
ence problem. The classical IM conducts tests on an assumed hypothesis
to an alternative hypothesis, and it yields the probability of the actually
observed data being present if the chosen hypothesis were true. The
classical IM does not support the usage of a priori information about the
probability of a proposed hypothesis, whereas the a priori probability is
taken into account in the Bayesian inference method (BIM). The Bayesian
theorem quantifies the probability of hypothesis H, given that an event
E has occurred. Using multiple hypotheses, the BIM can be used for solv-
ing classification problems; the Bayes’ rule will then produce a probabil-
ity for each hypothesis. Due to certain limitations of the BIM, Dempster
[20] generalized the Bayesian theory of subjective probability. Dempster’s
rule of combination, which operates on belief or mass functions as Bayes’
rule does on probabilities, was more advanced. Shafer extended Demp-
ster’s work and developed a mathematical theory of evidence [21], which
can be applied for representation of incomplete knowledge, updating of
beliefs, and for combination of evidence [22]. BIM is studied in detail in
Section 2.3.

2.2.6 Perception, Sensing, and Fusion

An intelligent agent (say, a robot) should reason about its environment
in order to successfully plan and execute actions [23]. A description of
the agent’s environment is provided by fusing certain perceptions from
different sensing organs, different interpretation procedures, or from any
conceivable sensors at different times. As such, “perception” denotes an
internal description of the external environment around the robot. This
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Dynamic world-model framework.

process is called dynamic world modeling (DWM). Thus, a robot uses a
“model,” the internal description, to reason about the external environ-
ment. The methods of estimation theory provide a theoretical foundation
for fusion in the case of numerical data. Other approaches are based on
ANNE. Inference techniques can be used as computational mechanisms
in cases of symbolic information. Fusion of such symbolic information
would require reasoning and inference in the presence of uncertainty.
The Al community uses rule-based inference engines. This could be
based on forward- or backward-chaining processes, such as fuzzy rule-
based fuzzy implication functions, which have to satisfy some criteria, as
discussed in Section 6.3. Perceptual fusion is fundamental to the process
of DWM. DWM is an iterative process of integrating (or fusing) the obser-
vations into an internal description. The framework of the DWM process
is shown in Figure 2.9 [23]. This cyclic process consists of predict, match,
and update phases.

2.3 Bayesian and Dempster-Shafer Fusion Methods

KF can be viewed as a prediction-corrector (state propagation or evolution
and data updating) filtering algorithm, which is widely used for tracking
moving object and targets. In addition, the KF is in itself a data-level fusion
algorithm. It is possible to consider KF as a Bayesian fusion algorithm [24].
The Bayesian approach involves the definition of priors (a priori probabili-
ties), their specifications, and computations of the posteriors. Primarily, the
probability theory is based on crisp logic, comprising “zero” or “one” (yes
or no, on or off, -1 or +1). It does not consider any third possibility, because
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the probability definition is based on set theory, which is in turn based
on crisp logic; it considers only the probability of occurrence or nonoccur-
rence of an event. The Dempster—Shafer philosophy incorporates a third
aspect—the “unknown.” The idea of “mass,” or measure of confidence in
each alternative, is also introduced. This mass can be considered a prob-
ability, although it is not a probability in itself. Sensor DF can also be used
to draw inferences about the joint distribution of two sets of random vari-
ables, keeping in mind that the measurements being corrupted with noise
are themselves random variables. However, in general, this process may
not be easy, because each dataset has some information that is also com-
mon to both sets. Let us assume that we have two datasets: Set 1 = (x, )
and Set 2 = (y, T), such that x and y have some common variables and ¢
and T are the target variables. The idea is to form inferences about the joint
distribution of (¢, T) using the information in the datasets (Sets 1 and 2).
Subsequently, this estimate of the joint distribution can be used to solve
decision problems.

2.3.1 Bayesian Method

Let us define p(A) as the probability of occurrence of an event A, and p(A, B)
as the probability of occurrence of two events A and B. Then, the condi-
tional probability of occurrence of A, given that the event B has already
occurred, can be related as follows:

p(4, B)=p(A|B) p(B)
We will also notice that because p(4, B) = p(B, A),
p(B, A)=p(B|A) p(4)
p(AIB)=p(BIA) p(A)/p(B)
The above relation can also be written as follows:

_PBIAPA)
Y p(BIA)p(A,) (2.25)

i

p(A|B)=

The denominator acts as a normalization factor if there are several events
of A that can be distinguished from B in a few ways. The above equation
is known as Bayes’ rule. Replacing A with x and B with z, we obtain the
following relation:

p(z] ) p(x) 226

PR e pt)
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The items x and z are regarded as random variables, and x is a state or
parameter of the system and z is the sensor measurements. Thus, the
Bayes’ theorem is interpreted as the computation of the posterior prob-
ability, given the prior probability of the state or parameter (p(x)), and the
observation probability (p(z|x)): the value of x that maximizes the term
(x|data). The maximum likelihood is related to this term if p(x) is con-
sidered a uniform distribution: the value of x that maximizes the term
(data|x). The term p(z|x) assumes the role of a sensor model in the follow-
ing way: (1) First build a sensor model: fix x, and then find the probability-
density function (pdf) on z. (2) Use the sensor model: observe z, and then
find the pdf on x. (3) For each fixed value of x, a distribution in z is defined.
(4) As x varies, a family of distributions in z is formulated. For the observa-
tion z of a target-tracking problem with state x, the Gaussian-observation
model is given as a function of both z and x as shown below:

exp(—w] (2.27)

2
202

pz|0) =
V21 62
When the model is built, the state is fixed, and the distribution is then a

function of z. When the observations are made, the distribution is a func-
tion of x. The prior p(x) is given as

(x—x,)*
p(x)= x/ZTt - exp[—z—czp] (2.28)

Then, using the Bayes’ rule, the posterior is given as follows after noting
the observation:

_ 1 _(z-xp 1 _(X—xp)2
P(x/z) = Const. \/Zn = exp( 207 )\/ZR = exp[ 200 (2.29)

I S (_(x—f)Z)
Sm ot P\ 202

where
_ o2 o?
X= f—z+ —x (2.30)
cl+062 o2+02 F
and

-1
22
o2 =—als (i +iJ (2.31)
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From Bayes’ rule, we obtain the following general application rule for the
independent likelihood pool:

p(x | Zm) ={p(Z")}7! p(x)f[p(zi | x) (2.32)

The conditional probabilities of p(z/x) are stored “a priori” as functions
of z and x. For fusion, it is assumed that the information obtained from
different sources and sensors is independent. Only the underlying state is
common between the sources. For a set of observations, we thus obtain:

plx|Z)={p(Z} " p(Z" | 0p(x)
ny = PG 2, [ X))
pix|zn)= p(z,,...,2,)

(2.33)

Thejoint distribution of Z should be known completely. From the foregoing
discussion, it is clear that Bayes’ formula can be used for sensor DF.

2.3.1.1 Bayesian Method for Fusion of Data from Two Sensors

Each sensor is assumed to have made an observation and processed these
data to estimate the type of the aircraft (or any moving body) using some
tracking algorithm based on the current measurement and the previous
measurements [24]. Hence, some prior probabilities are listed below. We
assume that for sensor 1, the new set Z! is obtained from the current
measurement z] and the old dataset Z}, and for sensor 2, the new set
Z.? is obtained from the current measurement z? and the old dataset Z2.
Essentially, at the fusion node, the probability of x (a particular aircraft)
being one of the three aircraft types is to be computed based on the lat-

est set of data: p(x |Z,} le). Using Bayes’ rule, we obtain the following
relationship [24]:
p(x12122)=p(x12 2 2, 23)
pleizt > 2 23)p(x1 24 23)
pl=iz12,2;)

(2.34)

Because the sensor measurements are assumed independent, we obtain

p(2' %, 20)p(22] %, 22)p (x| 2} 22)

plxIZzi73)= NEEA

(2.35)
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On the basis of the Equation 2.35, we derive the equation

p(x|Z1)p(2t122)p(x | 22)p(22 | 22)p(x| 2L 23)

p(x12123)= p(x123)p(x122)p (=122 1 2222)

(2.36)

Finally, at the fusion node, the posterior probability for the aircraft x is
given as follows [24]:

p(x121)p(x122)p(x12323)
p(x|Z)p(x]22)

times the normalization factor.

p(x|z122)=

(2.37)

Thus, Equation 2.37 yields the required fusion solution using the Bayesian
approach.

EXAMPLE 2.1

Let us assume that two sensors are observing an aircraft [24]. From the signature
of the aircraft, it could be either one of the three aircraft: (1) Learjet (L)) (the jet-
powered Bombardier), (2) Dassault Falcon (DF), or (3) Cessna (CC; the propeller-
driven Cessna Caravan). The probability values are given in Table 2.1 [24]. The
next step is to calculate the fused probabilities for the latest data. The computed
values of 0.5, 0.4, and 0.1 (at the fusion node, in Table 2.1) could be the prior
estimates of what the aircraft could reasonably be (or they could be based on a
previous iteration using the old data). Now, using the values from Table 2.1, we
can compute the fused probabilities at the fusion center as follows:

0.7*0.80*0.5
1 p(x:LJ|Z}Zf):W=1.1667

* *
2) p(x:DF|Z}Zﬁ)z% =0.145

0.01%0.05*0.1
3) p(x=CC|Zz22)= ~ogroq = 00025

After the fusion of probabilities using Bayes’ rule (and after including the nor-
malization factor of 0.7611), we finally obtain the following results (based on
the old probabilities and the new data):

The probability that (a) the aircraft is a Learjet, p(x = Lj), is 0.888, (b) the air-
craft is a Falcon is 0.1104, and (c) the aircraft is a Cessna is 0.0019. From this
result, we infer that the aircraft is most likely the Learjet (88.8%). The probabil-
ity that it would be a Falcon is much less (11%) and, almost certainly, it would
not be a Cessna (0.2%) because it has negligible posterior probability.
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TABLE 2.1

Dataset from Two Sensors (Example 2.1)

Sensor 1 Sensor 2

Posterior probabilities (from the previous iteration)

p(x=1]2;)=0.4 p(x=L)|Z:)=0.6
p(x=DF|Z})=0.4 p(x=DF|Z:)=03
p(x=CC|Zzy)=02 p(x=CC|Z:)=0.1

The computed values at the fusion node
p(x=L)|2,22)=05
p(x=DF|Z)2:)=0.4
p(x=CC|Z1Z2)=0.1

Updated posterior probabilities

p(x=L)|Zz)=07 p(x=L)|Zz)=0.8
p(x=DF|Z)=0.29 p(x=DF|Z)=0.15
p(x=CC|Z!)=0.01 p(x=CC|Zz)=0.05

Source: Challa, S., and D. Koks. 2004. Sadhana 29(2):145-76.

2.3.2 Dempster—Shafer Method

In addition to the third state, this method deals with the assigned mea-
sures of “belief” (in any of these three states) in terms of “mass,” in con-
trast to the probabilities. The DS method and the Bayes” approach both
assign some weighting: either masses or probabilities [24]. These masses
could more or less be regarded as probabilities, but not as true proba-
bilities in the usual sense. The DS method provides a rule for determin-
ing the confidence measures for the three states of knowledge, based on
data from old and new evidence. Reliable estimates of the identities of the
sensor measures are required. The results from the application of the DS
method depend on the choice of parameters that determine these mea-
sures. The DS method might fail to yield a good solution if it is used to
fuse two irreconcilable datasets. In a situation wherein the two sensors
contribute strongly differing opinions on the identity of an emitter, but
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agree very weakly on the third state, the DS model will favor the third
alternative. This problem needs to be resolved. In the DS method, we have
to assign masses to all the subsets of the entities of a system. For a system
with n members, there are 2" (that is, the power set) subsets possible when
masses are assigned, say, “1” to each element within the subset and “0”
to each one that is not. A measure of the confidence in each of the states
has to be assigned—occupied, empty, and unknown; and the total must
add up to 100%, although these are not probabilities throughout the entire
power set. The masses can be fused using the DS rule of combination.
It also introduces the concepts of “support” and “plausibility.” The DS
method provides a rule [22,24] for computing the confidence measure of
each state, based on the data from the old and new evidences, as shown
below:

m2(C)ec Y m'(A)m>(B) (2.38)

AnB=C

Here, the superscript denotes sensors 1 and 2. Compared to the Bayesian
fusion rule, we have two extra states for the available knowledge (Example
2.2): (1) the “unknown” state that represents the decision state regarding
the possibility of the aircraft not being a certain type; and (2) the “fast”
state, where we are not able to distinguish between the two (relatively
fast) aircraft. First, for each sensor (1 and 2), the masses for each element
of the power set should be allocated. For example, in the case of a set of
three aircraft, there are eight possible states—each aircraft: three states,
two aircraft at a time: three states, all three aircraft at a time (one state),
and no aircraft (one state). Only the useful states need be assigned masses,
and these should add up to 1. Subsequently, these masses are fused based
on the new information (say, from the second source of information) using
the DS fusion rule, as shown in Equation 2.38. The DS rule with the nor-
malization is written as

ml/Z(C)={ D ml(A)mZ(B)} / {1— D ml(A)mZ(B)} (2.39)

AnB=C AnB=Q

EXAMPLE 2.2

Consider Example 2.1. Here, instead of the prior probabilities, we use the
masses shown in Table 2.2 [24]. Computing the fused mass for the possible
states using the DS fusion rule, the values of the masses obtained are presented
in Table 2.2. The computation is illustrated for the state that the aircraft Learjet
(L)) occurs, meaning that, in Equation 2.39, the variable C = Learjet aircraft. All
other results are shown in Table 2.2. Here, it is assumed that there is a possible
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TABLE 2.2

Masses Assigned for Each Sensor for the Computation of DS Rule

State in the Power Set Sensor 1 Sensor 2 DS-Fused Final Masses for Each
State (after the Application of
the DS-Fusion Rule and the
Normalization Factor)

Mass=m' Mass =m?

Learjet (L)) 0.30 0.40 0.55
Falcon (DF) 0.15 0.10 0.16
Caravan (CC) 0.03 0.02 0.004
Fast (L), DF) 0.42 0.45 0.29
Unknown (LJ, DK, CC) 0.10 0.03 0.003
Total mass 1.00 1.00 1.007

Source: Challa, S., and D. Koks. 2004. Sadhana 29(2):145-76.

state of “fast,” being the aircraft LL and DF, and the unknown state, being the
aircraft LJ, DF, and CC. Hence, we obtain the following result [24]:

mt2 (LJ) e« m* (L))m? (L)) + m' (L))m? (L], DF) + m'(L])m?(LJ, DF, CC)
+ m!(L], DF)m?(L])+ m!(LJ, DE, CC)m?(LJ)
=03*04+03*045+0.3*0.03+0.42*0.4+0.1*0.4
=0.47

From the results, it can be inferred that the aircraft is possibly a Learjet,
as its final mass is 0.55 (55%). The “fast” state’s fused mass is 0.29 (29%),
which shows that the aircraft would certainly not be the Cessna (CC),
because it has a fused mass of only 0.4%.

2.3.3 Comparison of the Bayesian Inference Method
and the Dempster-Shafer Method

The Bayesian inference method (BIM) uses probability theory and hence
does not have a third state called “unknown.” The probability itself is
based on the occurrence of an event when numerous experiments are
carried out. It is based on only two states, and there is an element of
chance involved in BIM. In contrast, the DS theory considers a space of
elements that reflect the state of our knowledge after making a measure-
ment. In the BIM method, there is no “unknown” state; either an event
has occurred or not, or either an event A or an alternative event B has
occurred. In the DS model, the state “unknown” could be the state of our
knowledge at any time about an emitter, but we are not sure. DS requires
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the masses to be assigned in a meaningful way to all the states, whereas
BIM requires the priors (probabilities) to be assigned. However, a pre-
liminary assignment of masses could be required to reflect the initial
knowledge of the system. The DS model allows computation of support
and plausibility, in addition to involving more computations compared
to the BIM model.

2.4 Entropy-Based Sensor Data Fusion Approach

It is important for a sensor NW to perform efficiently in certain difficult
environments. The NW should process available information efficiently
and share it such that decision accuracies are enhanced. One interesting
approach is to measure the value of information (VOI) obtained from
the various sensors, and to then fuse the information if the value (a gain
involving significantimportance and appreciation) isadded in terms of the
decision accuracy (DA) [25,26]. The concept is based on the information-
theoretic (metric entropy) measure and related concepts. The DF here is
conditioned upon whether the VOI has improved the DA. In certain other
situations, we have two aspects to consider in a single image, such as the
spatial resolution and the spectral resolution (of the imaging sensor or
system). A high spatial resolution might be accompanied by low spec-
tral information, and high spectral resolution might be accompanied by
low spatial resolution. To obtain high spatial and spectral resolutions,
specific methods of image DF need to be applied. This is a useful pro-
cess for merging similar-sensor and multisensor images to enhance the
image information. For this purpose, a metric system based on entropy
can be useful. Entropy perceives information as a frequency of change
in images (the digital numbers). It is unfortunate that, in some literature,
entropy is used directly as information, but the context clears the ambi-
guity in presentation. In fact, when a new set of data is added and used
for analysis and inferences, then the new entropy (uncertainty) will be
reduced compared to the old entropy (uncertainty), and the difference
will be the gain in the information. The use of entropy must be viewed
in this context.

2.4.1 Definition of Information

In 1948, Claude Shannon applied the probabilistic concept in modeling
message communications, with the proposal that a particular message is
one element (possibility one) from a set of all possible messages. Given
the finite set of the number of messages, any monotonic function of this
number can be used as a measure of the information when one message is
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chosen from this set. The information is modeled as a probabilistic process.
It is essential to know the probability of each message occurring, the inten-
tion being to isolate one message from all of the possible messages (in a
set). Thus, the occurrence of this random event x is the probability p(x) of
the message. The I(x) is the self-information of x, and this is the inverse of
the probability, because if the event x always occurs, then p(x) =1, and no
new information can be transferred.

1 —_—

1) =log— = ~loglp(() (240)

The above definition of information is intuitively appealing from an engi-
neering viewpoint. The average self-information in the set of messages
with N outputs will be [25]

I(x) =—N p(x,) log{p(x,)} = N p(x,)log{p(x,)},... N p(x )log({p(x,)})  (2.41)

Then, the average information per source output is represented by the
following equation:

H=-NY p(x) loglp(x,)} 4

i=1

Here, H is also known as Shannon’s entropy. However, in general, the
value of N is set to 1, and hence we obtain the following relation using the
natural logarithm:

H == p(x)In, p(x) 243)

Shannon introduced the mathematical concept of information and estab-
lished a technical value and a meaning of information. From the above
development, we can see that the entropy (somewhat directly related to
the covariance) or uncertainty of a random variable X having a probabili-
ty-density function p(x) is defined as

H(x) = —E , {log p(x)) (244)

It is the —ve expected value of the logarithm of the pdf of the random vari-
able X. Entropy can be roughly thought of as a measure of disorder or lack
of information. Now, let H() = —E B[log p(B)], the entropy before collecting
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data “z,” and p(B) the prior density function of 3, a specific parameter of
interest. When the data z is collected, we have the following relation:

HB|z)=-E;, {logp(B|2)} (2.45)

The measure of the average amount of information provided or gained
by the experiment with data z on the parameter B is provided by the
following relationship:

I=HP)-E_{H{,2) (2.46)

This is the “mean information” in z about . We note that entropy implies
the dispersion or covariance of the density function and, hence, the uncer-
tainty. Thus, the information I is perceived as the difference between the
prior uncertainty (which is generally large) and the “expected” posterior
uncertainty (which is now reduced due to the new data adding some
information about the parameter or variable of interest). This indicates
that due to experimentation, collection, and the use of data z, the (poste-
rior) uncertainty (which is expected to reduce) is reduced and, informa-
tion is gained. Thus, the information is a nonnegative measure, and it is
zero if p(z,B)=p(z)p(B); i.e., if the data are independent of the parameters,
which implies that the data does not contain any information regarding
that specific parameter.

2.4.2 Mutual Information

The information could be in the form of features for classification or data
for detection of an object. Let H(x) be the entropy of the observed event,
and let z be a new event with its uncertainty (entropy) as H(z). Then, we
can evaluate the uncertainty of x after the event z has occurred and incor-
porate it to compute the new entropy:

H(x|z)=H(x,z)- H(z) (247)

This conditional entropy H(x|z) signifies the amount of uncertainty
remaining about x after z has been observed or accounted for. Thus, if the
uncertainty is reduced, information has been gained by observing and
incorporating z, the new information. The mutual information I(x,z) is a
measure of the uncertainty after observing and incorporating z and can
be represented as follows:

I(x,z)=H(x)— H(x| z) (2.48)
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Thus, the VOI is useful when we want to assess the information available
from multiple sensors on a single node or from different sensors from
neighboring nodes.

2.4.3 Entropy in the Context of an Image

Information-content quantification can be similarly applied to the infor-
mation regarding an image (as digital numbers and related attributes
such as the pixels of an image). Shannon’s formula is modified as follows
[25,26):

H-= —Zg d(i) In, {d () (2.49)

Here, N, is the number of the gray level of a histogram of the image. This
histogram range, for an 8-bit image, is between 0 and 255. The variable d(i)
is the normalized frequency of occurrence of each gray level, and hence
the average information content is estimated in units of bit per pixel. It
should be noted here that the average information content of the image is
not affected by the size of the image or by the pattern of gray levels. How-
ever, it is affected by the frequency of each gray level.

2.4.4 Image-Noise Index

For image fusion, the concept of entropy can be used to estimate the change
in quantity of information between the original images (called the parent
images) and the new images (called the child images) obtained by fusion
of two parent images (from two image-sensing devices). The procedure
for computation of the image-noise index (INI) is explained next [26]. In
the forward pass, the images are fused by a chosen method, and the fused
image is obtained. This fused image is restored in the reverse pass to its
original condition (i.e., the parent image) by using the reverse process, and
the entropy of the restored image is estimated. To bring the fused image to
its original condition, the original spatial-resolution value of the multispec-
tral image is substituted in the reverse process. Because we know the three
entropy values (g, b, and c) of the original image, the fused image, and the
restored image, respectively, we can easily determine the INI. The quantity
|a—c| represents the unwanted information and, hence, the noise. The dif-
ference (b—a) represents the increase in information, which could be useful
information, the noise, or both. Thus, the INT is defined as follows [26]:

(b-0=(la=c)_(-9

INI = =
|a—c| la—c|

(2.50)
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The numerator of the first term is the amount of useful information added
(the signal). Thus, the INI gives the incremental signal-to-noise ratio (SNR)
of the fusion process.

2.5 Sensor Modeling, Sensor Management, and
Information Pooling

Recent advances in electronics, computer science and engineering, and
optics have resulted in a massive increase in the types of sensors available
for use in autonomous systems [27-29]. Automated systems must be able
to react to changes in their environment to be effective, and these systems
must therefore rely on sensors for information about their environment.
The sensors provide dependable interfaces between an often ill-defined
and chaotic reality and a computer with a data-acquisition system. Sen-
sors can handle data only when they are within specified bounds and
are presented in a precise format for ease of understanding and inter-
pretation. Often sensors are complex and might have limited resolution
and reliability. In complex systems, the sensors do not necessarily corre-
spond to a single concrete sensor. A sensor might have some preprocess-
ing built-in unit or some logic or intelligence-processing unit built within
the sensor system. The readings from the sensors can be fused to create
one abstract sensor.

Sensors that correspond to only one concrete sensor are called “simple
sensors,” and sensors made up of several concrete sensors are called “sen-
sor NWs,” and are created from many simple sensors. After fusion, the data
from a sensor NW can be treated as if the data originated from a simple
sensor. Sensor NWs can have many different levels of complexity, architec-
tures, and configurations. These architectures have different requirements
for data communication and have varying computational complexities.
The performance of sensors is measured in terms of accuracy, repeatabil-
ity, linearity, sensitivity, resolution, reliability, and the range it can handle.
The sensor output could be a continuous signal, digital signal, frequency
output, amplitude, pulse modulated, and so on.

2.5.1 Sensor Types and Classification

Active sensors inject varying types of signals into their environments and
then measure the interaction of the signal with the environment, e.g., radar,
sonar, active far (AF) infrared (IR) sensor, an active optical-seam tracker,
and an active computer-vision system. These sensors require external
power to operate. The signal being measured is thus modified by the sensor
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to produce an output signal. These sensors are also called parametric sen-
sors, e.g., in a thermistor, a change of resistance occurs due to a change in
the temperature. The properties of the sensor can change in response to an
external signal. Passive sensors simply record the energy or signals already
present in the system’s environment, e.g.,, thermometers, video cameras,
and IR cameras. The energy of the input stimulus is converted by the sen-
sor or transducer into output energy without the need for an additional
power source or injection of energy into the sensor, e.g,, a thermocouple, a
piezoelectric sensor, a pyroelectric detector, and passive IR sensor.

2.5.1.1 Sensor Technology

There are mainly two types of sensor technologies [29]: (1) internal state
sensors (ISSs), and (2) external navigational state sensors (ENSS).

ISSs [29] measure the internal states of the system; for example, in the
case of a robot, the velocity, attitude and bearings, accelerations, current,
voltage, temperature, pressure, balance, and so on are recorded so that
the static and dynamic stability of the robot can be monitored and main-
tained, and potential failure situations can be detected and avoided. Some
examples of such sensors are potentiometers, tachometers, accelerometers,
and optical encoders. These interoceptive sensors inform the body of its
own state. They are mainly related to the problems of internal diagnosis
and fault detection. Two types of ISSs are described in the following two
paragraphs.

Contact-state sensors (CSSs) involve direct physical contact with the
objects of interest; e.g., microswitches and touch, force, and tactile poten-
tiometers [29]. Contact sensors are used to handle objects, reach a specific
location, and protect a robot from colliding with obstacles. These are rela-
tively inexpensive, have a quick response, and are easy to construct and
operate. The tactile sensors are magnetic, capacitive, and include piezo-
electric technology. A binary tactile sensor can be used for detecting the
presence or absence of touch, and a 2D tactile sensor can provide informa-
tion regarding the size, shape, and position of an object. CSSs have limited
life span because of frequent contacts with objects.

Non-contact state sensors (NCSSs) [29] are synchros, resolvers, com-
passes, accelerometers, gyroscopes, and optic encoders. Synchros and
resolvers are rotating electromechanical devices that measure the angular
position information; these devices are normally large and heavy. Gyros
are mechanical and optical devices and are used to maintain the stabil-
ity and attitude of robotic systems (useful in unmanned flying robots,
underwater vehicles, space robots that navigate in a 3D environment,
unmanned aerial vehicles [UAVs], and so on). Gyroscopes can be used to
measure the movement of a system relative to its frame of reference. Com-
passes, gyroscopes, and encoders are generally combined into an inertial
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navigation sensor (INS), which is used to estimate the trajectory followed
by an object. Mechanical gyros operate on the basis of conservation of
momentum, whereas optical gyros have no moving parts. The absolute
optic encoders are used to measure and control the angle of the steering
wheel during the path control of a wheeled robot. The incremental optic
encoders are used for measuring and controlling motor speed and accel-
eration in a mobile robot.

ENSSs monitor the system’s geometry and dynamics in relation to
its tasks and environment, e.g., proximity devices, strain gauges, sonar
(ultrasonic range sensor), and pressure and electromagnetic (EM) sen-
sors [29]. External navigational sensors measure environmental features
such as range, color, gap, road width, room size, and object shape. These
are used for correcting the errors in the world model, detecting environ-
mental changes, and avoiding unexpected obstacles. The exteroceptive
sensors deal with the external world. The sense of “balance” can be moni-
tored mechanically using gyroscopes. The system’s joint positions can be
sensed by the mechanical system using encoders. Both balance and joint
positions can be handled by the INS to some extent.

Nonvision-based navigation sensors (NVBENSS) [29] are force and
magnetic sensors, which are passive navigation sensors. They do not gen-
erate EM waves, are reliable, and produce little noise. The force sensor
can be used to monitor whether there is an object in contact with the robot
for avoiding collision, e.g., a full cover with a force-detecting bumper
can be implemented on a cylindrical robot for safe operation. An actu-
ated whisker can be used to measure the profiles of the contacted objects
for object identification and obstacle avoidance. Sound (energy), smell,
IR radiation, optics, laser, radio frequency (RF), satellites, and radars are
other NVBENSS sensors. The data measured by the active sensors are the
reflection of either the changes in emitted-energy properties, such as the
frequency and phase, or simple time-of-flight calculation. These sensors
provide one-dimensional data at a high rate and are useful for following
the path, reaching a goal, avoiding obstacles, and mapping an environ-
ment. Sonar (ultrasonic) sensors have long wavelengths.

Global positioning systems (GPS) provide a robust alternative to many
other methods of navigation. Satellite beacons are used to determine an
object’s position anywhere on the earth. Other beacon systems are used in
transportation NWs, especially in maritime and aviation systems. GPS and
RF systems are widely used in robot localization and tracking of objects and
humans, using the services of 24 satellites at a height of 6900 nautical miles.
The absolute 3D position of any GPS receiver can be determined using
a triangulation method. Time-of-flight radio signals, which are uniquely
coded and transmitted from the satellites, are routinely used worldwide.
Problems with GPS include incorrect time synchronization between the
satellite and receiver, precise real-time location of the satellites, EM noise,
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and other interferences. Differential GPS (DGPS) provides much more
precise data than the GPS alone regarding the positions of the objects. The
integration of data from the GPS and other INSs leads to fusion of data
that reduces the effects of uncertainties. An odor-detection system allows
a robot to follow trails of volatile chemicals laid on the floor. The sensor
uses controlled flows of air to draw odor-laden air over the sensor crystal
to increase the speed of its response.

Vision-based ENSSs mimichuman eyes. The visual information obtained
from a vision sensor proceeds through three processing stages [29]: image
registration and transformation, image segmentation and analysis, and
image interpretation (and image fusion, if included in this process)—a
difficult task to achieve in real-time. Charge-coupled devices (CCDs),
both active and passive, can be used. Active CCDs use structured lighting
to illuminate the scene and enhance the area of interest to make image-
processing more efficient; the data in the enhanced area only is processed,
projecting a pattern of light strips onto the scene, whereas the depth infor-
mation can be obtained by looking for discontinuities or deformation in
the resulting line image. Passive vision-based sensors work under normal
ambient illumination and are used in wheeled, legged, tracked, under-
water, and flying robots. They are mainly used for object and landmark
recognition, line-following, and goal-seeking tasks.

2.5.1.2 Other Sensors and their Important Features and Usages

Many other sensors are equally important [4,29]. Smell and taste involve
measuring the concentration of specific chemicals in the environment.
Odor sensing detects chemical compounds and estimates their density
within an area. Odors from different materials have different particle
compositions, and hence have different locations in the spectra. Auto-
mated systems can sense odors by using EM radiation in the process of
spectroscopy. Recent advances in fiber optics have produced fiber-optic
probes that are capable of detecting biochemical agents.

Touch involves measuring items through physical contact, and in auto-
mated systems, this is usually carried out using pneumatics or whiskers.
Tactile sensing can be accomplished by numerous methods: the simplest
sensors detect the presence or lack of an object; e.g., whiskers that are
long, light, and relatively stiff protrude from a system or a body, similar
to the whiskers in our nostrils and inner ears. When a whisker touches
an object, the whisker is displaced. A sensor at the base of the whisker
senses this movement and signals the presence of an object. The ambient
EM radiation that has been reflected from the object can be detected and
used for measurements.

IR cameras capture IR radiation, whose wavelength is longer than
visible light. Forward-looking IR (FLIR) sensors sense differences in the
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heat of objects and construct images from that information. These sen-
sors are useful in night-vision applications. Radar is an EM system for the
detection and location of objects, which consists of transmitting antennae
emitting EM radiation generated by an oscillator, receiving antennae, and
an energy-detecting device or receiver. A portion of the transmitted signal
is reflected by a target and reradiated in all directions. This reflected EM
radiation (the returned energy) is collected by the receiving antennae and
is delivered to a receiver, where it is processed. From the processing of
this data, the object is detected and its location and relative velocity are
measured by ranging (which is proportional to the speed of light times
the total fly-around time/2). The direction or angular position is deter-
mined from the direction of the arrival (Section 11.3) of the returned wave
front (the acoustic wave for sonar systems). If there is a relative motion
between the detected target and the radar, the shift in the carrier fre-
quency of the reflected wave—the Doppler effect—gives the measure of
the relative velocity of the object. These measurements are very useful in
target tracking.

Microwave radars use wavelengths longer than infrared radiation, and
are insensitive to interference from clouds and inclement weather. They
are better in terms of detection range and immunity to attenuation caused
by atmosphere. However, their capabilities for classification and identifi-
cation are not very good. Laser ranging systems (laser radar or LADAR)
provide images of very accurate depth from a scene. The “identify friend-
or-foe” function is used to identify the origin of an aircraft. Apart from
these, sound navigation and ranging is an established technology that is
approximately equivalent to radar. A sound wave is transmitted in space,
and its return signal is measured. By measuring the time needed for the
signal to return, the distance of an object from the sensor can be estimated.
The velocity of the object relative to the sensor can be estimated using the
frequency shift of the returned signal in comparison to the original signal
(Doppler shift). These sensors have been developed for both underwater
and terrestrial applications, such as detection of submarines, manufac-
ture of self-focusing cameras, and navigation systems for autonomous
robotics.

Bumpers are large protuberances from the system, which, when
touched, signal contact with an object through an electrical switch.
Light-emitting diodes can be used as reflecting sensors to detect objects
in the immediate neighborhood. Proprioceptive sensors indicate a sys-
tem’s absolute position or the positions of the system’s joints. The posi-
tions of a system’s joints can be determined by using the direct-drive
mechanism, as in a stepper motor, or with an optical encoder attached
to the joint. By observing the motion of the encoder, the relative posi-
tion of a wheel, joint, or track in relation to the rest of the system can be
calculated.
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An EM-induction (EMI) sensor is used for metal detection. The idea
is to detect the secondary magnetic field produced by the eddy currents
induced in the to-be-detected metal (say, hidden underground) by a time-
varying primary magnetic field, in the frequency range of a few tens of
kHz [30]. EMI sensors can be used to detect both ferrous and nonferrous
metallic objects. If multiple targets (for example, many metal pieces or
devices present underground and considered target objects) must be
detected, then the method of data association can be used. The intensity
of the received field depends on the depth of the target hidden under-
ground. Thus, the attenuation of the received field would be much higher
if the target is deep down. EMI sensors can be used in a variety of modes,
such as (1) high-sensitivity search, to detect even small quantities of metal;
(2) low-sensitivity search, which has a low probability of detection amidst
metallic clutter; and (3) shape search, where the features measured are the
metal content and the shape [30].

Ground-penetrating radars (GPRs) detect buried objects by emitting
radio waves into the ground. The reflected waves are analyzed. The GPR
system has antennae to emit a signal and receive the return signal and a
computerized signal-processing system [30]. The frequency of the radio
wave is the major control parameter, because the scale or level of detection
is proportional to the wavelength of the input signal, i.e., if the wavelength
decreases (and consequently, the frequency increases), the quality of the
image is enhanced. Signal-processing algorithms also play an important
role because they are used for filtering out the clutter signals. The GPR
system can build a 3D image of the ground zone for detection. GPRs can
be used in three modes as follows: (1) depth search—the operating fre-
quency is maintained low to penetrate the ground at the greatest possible
depth; (2) resolution search—the information from the first mode is used
to tune the operating frequency for obtaining the best possible resolution
for the image (and shape and size of target); and (3) anti-ground bounce-
effect search—the frequency is set to a very high value to overcome the
masking effect of the ground-air discontinuity, and this mode is suitable
for both surface and shallow targets. Many other features of GPR are
detailed in a study by Vaghi [30].

In contrast to the thermal-detection methods that exploit the varia-
tions in temperatures, IR sensors detect anomalous variations in the
EM radiation reflected by the object under detection. IR sensors are also
lightweight. The quality of the IR images depends on the time of the day,
weather, vegetation cover, and so on. The airborne IR sensor can procure
images of the ground from a high standoff distance. The IR sensor can be
used in three modes, including (1) searching for shallow buried mines;
(2) searching for surface mines; and (3) achieving maximum depth of
detection [30].
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2.5.1.3 Features of Sensors

Different sensors have different characteristics, and it is important for
the DF community to know the specific features of the sensors that are
needed for primary sensing purposes and subsequent DF performance
requirements. We describe some important aspects of the sensor types
and their relations to the type of measurement and state determination
[4,29].

From radars, we obtain two basic measurements, radar cross-section
(RCS) frequency and time, and from these we derive the range, azimuth,
elevation, and range-rate (Doppler effect) information. These derived data
are in turn used in a state-estimation algorithm to finally determine the
position, velocity, and acceleration time histories of a moving object accu-
rately. We can determine of a limited amount of target ID information
(identification mark or some similar feature) from the RCS, size, and shape
of the target in limited cases. From the radar homing and warning sys-
tem, we initially detect the RF intensity, and then we derive the direction,
which in turn is used to determine the identity of the target. For example,
we get a warning by illumination from the missile-guidance radar. From
a synthetic aperture radar, the coherent RCS, shape, size, and direction of
the target, and ultimately, the identity of the target are determined. This
methodology gives enhanced radar resolution through coherent process-
ing using stable or moving antenna. The signature format is a 2D range
and cross-range reflectivity image. The useful features are size, aspect
ratio, and number and locations of the scatterers.

From the IR recordings, we obtain the pixel intensity and color of the tar-
get and spectral data. The derived information is location, size, shape, and
temperature of the object, which finally yield the position and identity of the
object. This is dependable for ID based on spectral data but not efficient for
determination of the position and velocity of the target. From the IR warning
system, we primarily detect the IR intensity and subsequently, the direc-
tion and identity of the object. This generates a warning that the heat source
is approaching the observer. A laser-warning system records the intensity,
which is used to determine the identity of the object. The signature formats
for the laser radar are the 3D reflectivity image, Doppler modulation (vibra-
tion), and the 2D velocity image. The useful features are size, 3D shape, scat-
ter locations, propulsion, structural features, skin frequencies, and spatial
distribution of the moving components.

Using microwave radar, we obtain Doppler modulation 2D (range-cross
range) reflectivity images. The useful features are velocity, propulsion
frequencies, line widths, size, aspect ratio, and number and location of
scatterers. A millimeter wave radar (MMWR)-type sensor yields the 1D
reflectivity profile, 1D or 2D polarization image, and Doppler modula-
tion as the signatures. The useful features are the distribution and range
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extent of scatter number, locations of the odd and even bounce-scatterers,
propulsion frequencies, and line widths (rpm, blade passing, and tread
slapping).

The signature format of an RF interferometer is a spectrum- and time-
dependent microwave emission. Its useful features are frequency, fre-
quency modulation, amplitude modulation, pulse duration, and pulse
intervals. The signature format of the thermal image is a 2D thermal
image, and the useful features are shape (perimeter and area, aspect ratio,
moments), texture, maximum and minimum emission, number and loca-
tion of hot spots, and context. The MMWR is placed midway between
microwave sensors and electro-optical tracking systems (EOTs). They
have a smaller size, better resolution, and higher level of immunity to the
effect of the atmospheric attenuation.

An electro-optical system gives intensity and color to the pixel-image,
which are used for determination of the location, size, and shape of the
object, and ultimately, the position and identity of the object. EOTs are
superior in terms of classification and identification of the objects. They
have a much higher resolution but are affected by atmospheric attenu-
ation. Their data-processing demands are relatively high. Electronic-
support measures yield amplitude, frequency, and time, which are further
used for deriving SNR, polarization, and pulse shape to finally estimate
the position, velocity, and identity of the target, providing both general
and specific emitter IDs. An acoustic sensor’s signature format is the spec-
trum- and time-dependence of the acoustic emission, and its useful fea-
tures are the propulsion frequencies, harmonics, frequency ratios, pump
and generator frequencies, and peculiar noise sources. We obtain a 2D
reflectivity (contrast) image. The useful features are shape, texture, inter-
nal structure, and context.

2.5.1.4 Sensor Characteristics

It is also important to know the characteristics of various sensors. These
characteristics are recounted below [4,29]:

1. Detection performance: false alarm rate, detection probabilities,
and ranges for the calibrated target characteristics in a given
noisy background.

2. Spatial and temporal resolution: ability to distinguish between two
or more targets that are very close to each other in space or time.

3. Spatial coverage: spatial volume encompassed by the sensor. For
scanning sensors, this may be described by the instantaneous
field-of-view (FOV), the scan-pattern volume, and the total field-
of-regard achievable by moving the scan pattern.
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4. Detection and tracking modes: search and tracking modes
undertaken are (a) starting or scanning, (b) single or multiple
target tracking, and (c) single or multimode (track-while-scan and
stare).

5. Target revisit rates: rate at which a specific target is revisited by
the sensor to carry out a sample measurement.

6. Measurement accuracy: accuracy of sensor measurements in
terms of statistics.

7. Measurement dimensionality: number of measurement vari-
ables (range, range rate, and spectral features) between the target
categories.

8. Hard vs. soft data: sensor outputs either as hard-decision (thresh-
old) reports or as preprocessed reports with quantitative mea-
sures of evidence for possible decision hypothesis.

9. Detection and track reporting: sensor reports each individual tar-
get detection or maintains a time-sequence representation (track)
of the target’s behavior.

2.5.2 Sensor Management

Several sensor NW-based systems have increased functionality and are
characterized by a high degree of autonomy, reconfigurability, and redun-
dancy [30]. The sensor can be mounted on a platform and used in various
modes. When the sensors move on platforms that are either teleoperated
or autonomous, the movements of the sensors should be coordinated to
align them to the required positions. Hence, the goals of sensor manage-
ment are to provide high-level decisions and coordinate the movement
of the sensors. This might need real-time information about the system’s
state. Certain criteria and objectives need to be defined, so that decision
making algorithms can be used to decide the future strategy of the sensor
NW. The decisions could analyze the following questions: (1) where the
platform carrying the sensors should move; (2) how the sensors should
be utilized; and (3) what measurements would be needed.

A typical sensor-management problem could be very complex [30]:
(1) collecting information from all the subsystems (sensors, platforms,
and targets), which could be heterogeneous and distributed; and (2) com-
bining this information to obtain an integrated approach for the final
decision making process. One approach is to model all the subsystems
and their interactions, using graphical model formalism for this purpose
[30]. This approach combines probability and graph theories and can lead
to a stochastic adaptive algorithm for sensor management. A typical sen-
sor NW management scenario could be (1) static or dynamic, coopera-
tive or noncooperative targets; (2) some environmental factors that could
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influence both targets and sensors; (3) sensor suite or NW; and (4) the
actual sensor DF process.

The sensor-targets-environment-DF scenario is here called the STEDF
assessment and consists of (1) the SA process, (2) the process of sen-
sor fusion, (3) target classification, (4) platform deployment, and finally
(5) sensor management; a possible integrated system is shown in
Figure 2.10 [30]. Sensor management, based on the current SA and the
available resources, provides a feedback control to the suite of sensors,
and here some decision making takes place. In normal systems, this
feedback is provided by a human operator. Use of intelligent decision
making algorithms and automating the decisions facilitate the opera-
tor’s task. An effective sensor-management algorithm or strategy applies
the current information and schedules the measurement process. Rule-
based expert systems and fuzzy rule-based logic schemes could be used
for such purposes; such methods are called descriptive approaches. The
normative or decision-theoretic methods try to establish formal decision
criteria based on the gathered experimental data and subsequent analy-
ses, involving the utility theory and probability theoretic reasoning pro-
cesses. A combination of these methods is also feasible, and an approach
based on the combination of Bayesian NWs (BNWs) and other graphical
methods is proposed in a report by Vaghi [30]. The tactical situation is
inferred in the situation-assessment block. The link between the fusion
association and surveillance-system model (SSM) is fused data (Fig-
ure 2.10). If any sensor fails, this information can proceed to the SSM.
The sensor types could be heterogeneous, mobile, and reconfigurable,
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FIGURE 2.10
Integrated sensor-management system.
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and the target types could be simple, maneuvering, heterogeneous, or
enclosed in a clutter.

2.5.2.1 Sensor Modeling

Sensors have varying accuracies and might not provide one single accu-
rate value for a physical variable. This is not the case with inherently
very accurate and high-precision sensors, but these sensors are very
costly. Even if a sensor could deliver this type of reading, the physical
values being measured generally vary statistically over a period of time
and will be affected by measurement noises or errors. A sensor read-
ing that covers a finite period would thus have to return a range of val-
ues, rather than one number, to accurately represent the environment;
thus, limited accuracy is a factor in all measurement-data processing.
Data representations in common use have upper and lower bounds for
the values that can be represented and a maximum number of digits of
accuracy; if these limits on accuracy are not handled properly, important
information can be lost or the results of calculations can be greatly in
error. There is a possibility that a sensor might fail during the system’s
lifetime or may temporarily give inaccurate readings for various rea-
sons. Regardless of how well the systems are designed, the components
will eventually deteriorate or stop working perfectly. Engineers and
analysts must try to minimize the impact of such component failures
through proper design procedures and decisions. In addition to the nor-
mal wear and tear, there are limitations to the general capabilities of any
component. This is especially true when the system is placed in hostile
and/or noisy environments, such as nuclear reactors, battlefields, and
outer space.

Mathematical models of the activities of these sensors can be used for
characterization of the sensors and their data. Algorithms that handle sen-
sor data efficiently and accurately can be developed, and these algorithms
should be efficient in that (1) they extract the maximum information from
the sensors; (2) they avoid making wrong and absurd conclusions based
on faulty data; and (3) they do not waste costly system resources. The
mathematical model of the sensors can be subsequently derived. A sensor
can be represented as a mathematical function with two arguments, viz.,
the environment and time, as follows:

S(E, t)={V (1), e(t)} (2.51)

Here, E is an abstract entity that contains several physical measurable attri-
butes, and S is a function that maps the environment to numeric values.
These attributes can be continuous-valued (temperature, velocity, range,
and so on), Boolean (presence of a vehicle, temperature > given limit, and
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so on), integer-valued (such as number of aircraft, tanks, and number of
persons in a queue), and so on. The values recorded will change over time,
because the system’s environment also changes over time. Assume V is
a point in an n-dimensional space and is affected by some uncertainty.
Knowing everything about the sensor in use and the measured signal,
as much as possible a priori, would help in the fusion process because
of the following relationship between the measurement and the object’s
state: measurements = sensor’s dynamic math model times the state (or
parameter) + noise; or,

z=Hx+v (2.52)

Here, the aim is to estimate the state vector x based on y, and hence
any information regarding H and the statistics of v, such as the sensor
type, “range band,” and “range” of the measurement signal, would help
in the estimation of x. The scale factor and bias errors can be related as
follows:

z(measured data) = ay + bias (2.53)

Here, a is the scale factor. General aspects regarding the preprocessing of
measurement considering the sensor filter are (1) filter dynamics, because a
low-pass analog filter might have been used to remove the high-frequency
noise, (2) sensor-mounting errors (rate gyros detect signals from other
axes, if misaligned), and (3) the position of the linear accelerometer, which
must be known. All of the above aspects will help the analyst understand
the performance results of the DF system or to correct the data at the out-
set itself. The analyst should know as much as possible of the entire chain,
including how the data get to him/her from the transducer or sensors,
because the screening, editing of the data, and signal processing, together
with system identification, are important functions to be performed to
obtain very accurate results from the DF systems. The important aim
of sensor modeling is to incorporate the dominant modes of the sensor
dynamics, if any, into the modeling effort for DF systems, e.g., in state
models used in the KF. An SSM could be represented as a nonlinear state-
space model, as shown below:

x(t+1) = f(x(t),u(t)) (2.54)

Here, x, the state vector, consists of the variables related to sensors, plat-
forms, targets, and environmental conditions; u is the decision vector,
representing controllable inputs (or decisions in the surveillance sys-
tem, e.g., sensor allocation and platform deployment). Thus, the SSM is
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a stochastic model. The system output y contains the measurements, all
control elements, and decisions. The platform states and the sensor mea-
surements are observables and are part of the system output y. The state
vector x is estimated from the observable z by the SA process. Basically,
solving the decision making problem aims to find a policy or control law,
u(t), that optimizes an expected utility function within the constraints
of the system dynamics [30]. Hence, the flow of the main information in
such management architectures is from the sensed environment — SSM
— fusion/association — - SA — sensor management — and back to SSM
[30]. The SSM could consist of devices, such as EMI sensors, GPRs, IR sen-
sors mounted on autonomous ground vehicles and aircraft (UAVs).

The targets are represented by their anticipated features within the sen-
sor models. The IR-detected target is characterized by the size and shape
of the target, because the IR sensor measures the size and shape. The
sensed information is acquired in two stages: (1) target detection, and (2)
target classification. In target classification, the target is assigned a model:
a static BNW or a dynamic linear-Gaussian model, and the BNW struc-
ture would be composed of feature nodes (features of the targets) based
on the BNW model of the sensor that might have taken the measurement
of the target [30]. For the environment, the available models or directly
measurable environmental states can be used. The sensor platforms can
be modeled using ordinary differential equations. Performance optimiza-
tion, motion planning and inner-loop control should take into consider-
ation the sensed information and SA. The sensor manager should also
consider the kinematic and dynamic constraints of the sensor platform.
Subsequently, the SSM can incorporate the platform models and specific
terrain maps. The measurements processed by the fusion process are also
included in the model as and when they are available. Finally, the sen-
sor manager uses this expanded SSM to allocate the sensor resources and
deploy the platforms while optimizing the desired objectives. When the
model of a sensor is available, inference algorithms can be used to com-
pute the unknown variables based on the observables. In fact, the mea-
surements, the observations about the environment, and the parameters
used by the sensors become the evidence to the sensor BNW. Then, infer-
ence algorithms can be used to estimate the target state. When multiple
sensors are used, an appropriate DF process or method should be used to
obtain an improved estimation of the target states. This information is then
used for SA and possible sensor management. The SA algorithm would
produce a picture of the tactical situation as inferred from the SSM, with
the aim of updating the estimated state of the surveillance system with
reference to time. This is based on inference and sensor fusion and the
subsequent inference of the values of the hidden states. The SA picture
thus obtained is used by the sensor manager to make decisions regarding
the allocation of resources and optimization of the objectives.
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2.5.2.2 Bayesian Network Model

BNWs use the concept of mapping cause-and-effect relationships among
all relevant variables [24,30]. Inferences can be drawn by building a graph
that represents these causal relationships. BNWs represent the extent
to which variables are expected to affect each other by incorporating the
probabilities, in a manner similar to that explained in Section 2.3. Thus,
the fundamental formulae are similar. Learning in BNWs implies learn-
ing the probabilities and causal links from the available data, thus making
BNWs adaptive in nature. Thus, a BNW is a graphical model applicable
for probabilistic relationships among a set of variables. BNWs are used to
encode selected aspects of the knowledge and beliefs about a domain, and
after the NW is constructed, it induces a probability distribution for its vari-
ables. The learning in a BNW is related to learning the conditional prob-
abilities within a specified structure: given a dataset, the idea is to compute
the posteriori distribution and maximize it with reference to certain param-
eters. In a BNW, the problem of learning a structure is more complex than
the learning of NW parameters. The merits of a BNW are [30] that (1) it can
handle incomplete datasets; (2) the causal relationships can be learned; and
(3) in conjunction with the Bayesian statistical technique, BNW can use a
combination of domain knowledge and data. To handle incomplete data,
a small degree of approximation is required, because the learning is about
conditional probabilities. One can use the Gaussian approximation for this
purpose. Let X, represent a set of n variables called events. Then, a BNW
over this set consists of two ingredients [30]: (1) a directed acyclic graph, G:
each vertex of the graph is called a node and represents a variable that takes
on the value x,. The directed edge from one node to another node represents
a causal relation between the two nodes; and (2) quantification of G: each
variable is assigned a conditional probability given its cause (parents). Thus,
P(X, | parents(X,)) represents the strength of the causal link. A binary BNW
is shown in Figure 2.11 [30] with the associated tables (inset) that represent
conditional probabilities. One can see that S (sprinkler) and R (raining) are
the parents of W, the event that the grass is wet. The probability that the
grass is wet when the sprinkler is off (false) but it is raining (true) is 0.9. The
BNW models for the EMI, GPR, and IR sensors are described in the study
by Vaghi [30]. These comprise the graphical model sensors, target, and envi-
ronment. In the BNW model, it is possible to consider many variables. The
interactions, if not completely known, can be learned and quantified.

2.5.2.3 Situation Assessment Process

This segment of the sensor management produces a picture of the tactical
situation that is inferred from the SSM. The chain works as follows [30]:
(1) The sensors are deployed on their platforms. (2) The sensors operate
in a certain mode (u(f)) under certain environmental conditions to obtain
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[ p(C=false) | p(C=true) |
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<= p(R=false|C) p(R=true|C)
0.8 0.2
0.2 0.8

Sprinkler is
on

C p(S=false|C) | p(S=true|C)
false 0.5 0.5 p(W =false|S,R) 1 0.1 0.1 |0.01
true 0.9 0.1 p(W =true|S,R) 0 0.9 0.9 | 0.99
S false | true | false | true
= false | false | true [ true
FIGURE 2.11

Binary Bayesian network—an illustrative example. (From Vaghi, A. 2003—2004. Thesis,
Politecnico di Milano. http://www.fred.mems.duke.edu/posters/Alberto_GMA _thesis.
pdf. Accessed December 2008. With permission.)

the measurements of a certain number of targets. (3) The information is
passed onto the corresponding BNW sensor models, which obtain the
estimates of the features of the detected target; if the estimates and mea-
surements are available from multiple sensors, these are fused. (4) The
fusion results and the associated probabilities for each feature are calcu-
lated using the inference and fusion methods. The information is updated
in real-time. The past information is summarized and called the current
surveillance-system state, and the current state is the last updated picture
of the situation, also referred as the current situation. The current situa-
tion comprises the current estimates and the associated probabilities of
each feature of each target. The objective of the SA is to update the esti-
mated state over time. This SA information is used by the sensor manager
to make decisions. The current SA picture also provides classification as
an object or clutter for the detected target. This is carried out using a BNW
classifier. The state of the surveillance system consists of the states of all
its components, including sensors, platforms, and targets, and these tar-
gets are presumed to have been detected and classified. Thus, the main
role of the SA is to update the target’s state based on the new forthcoming
information.

The SA produces a picture of the tactical situation at each time instant
T. It tells the sensor manager and the human operator how many targets
have been detected until time T. This is accomplished using a classifier
algorithm. It provides estimates of the features of each detected target,
along with the associated confidence measures. This information is used
by the sensor manager to make decisions on the allocation of available
sensors and to optimize the objectives. Due to the fusion of the informa-
tion from multiple sensors, the number of undetected targets is reduced.
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This is one of the merits of the DF process used in the sensor-management
SA system. The numerical values of the associated probabilities can be
used to confirm whether the estimate and classification results should
be considered reliable (low values, say, p < .5) [30]. Low values indicate
that there might be only a few sensors, and that further resource real-
location would be required. Extensive simulation studies can be car-
ried out to assess the situation, and after reallocating the resources, the
performance evaluation can be again carried out to check whether the
numerical values of the computed probabilities have increased or not. In
this manner, the sensor management and optimization process can be uti-
lized to obtain more information and solve some (more) uncertain cases.
Thus, a BNW helps in sensor management, optimization, and realloca-
tion of resources for enhancing the efficiency of task-directed multisensor
DF systems. The other major benefits of the sensor-management process
using a BNW are that we can study the effects of the operational envi-
ronment of the sensors, carry out mathematical modeling of the sensors,
and learn from large datasets on the performance efficiency achievable
in the MSDF system. As time elapses and increasing amounts of data are
gathered and used to update the estimates of the features of the targets
and their states, the SA improves in its decision making abilities. How-
ever, some saturation (due to excessive learning) might occur after some
time, because the system, estimators, or classifiers would have learned
the states sufficiently well and new data might not be able to provide
any new information to the MSDF-based SA scheme; the system reaches
stability at this point. For simulation and validation, the BNW toolbox of
MATLAB® can be used [30], which supports many kinds of nodes, exact
and approximate inferences, learning of parameters and structures, and
static and dynamic models.

2.5.3 Information-Pooling Methods

For managed DF, there are a few important methods depending on how
the information from various sensors is pooled and managed [2,31]. There
are mainly three methods: (1) the linear opinion pool, (2) the independent
opinion pool, and (3) the independent likelihood pool. The probabilistic
elements are necessary for the theoretical development and analysis of the
DF process and sensor-management methods.

2.5.3.1 Linear Opinion Pool

In this approach, the posterior probabilities from each information source
are combined in a linear fashion as follows:

p(x|ZF)= Zwip(x | zf‘) (2.55)
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Here, the weights (w) should add up to unity, and the individual weights
range between 0 and 1. This means that the posteriors are evaluated for
the variable to be fused, based on the corresponding measurements.
The weights signify reliability, faith, or trustworthiness of the informa-
tion source and are assumed known a priori. In the sensor-management
scheme, a faulty sensor can be “weighted out” using a proper weight. The
number of models is k.

2.5.3.2 Independent Opinion Pool

Here, the observation set is assumed independent. The expression for the
same is written as

px|Z=a]]p(x|2) (2.56)

This method is suitable if the priors (probabilities) are obtained indepen-
dently according to the subjective prior information at each source.

2.5.3.3 Independent Likelihood Pool

Here, each information source has common prior information. The repre-
sentation of the independent likelihood pool (ILP) is shown below:

p( | x)=>{[]->p(x |29

I (2.57)
p(zﬁ, |x)—>{
p(x)=>{

The ILP is consistent with the Bayesian approach involving the DF updates,
and more appropriate for MSDF applications if the conditional distribu-
tions of the measurements are independent.

These “information-pooling” methods can also be extended to include
the reliability aspects of the sensor or data into their formulations, thereby
helping with the sensor-management problem.






3

Strategies and Algorithms for Target
Tracking and Data Fusion

The problem of tracking moving objects—including targets, mobile
robots, and other vehicles—using measurements from sensors is of con-
siderable interest in many military and civil applications that use radar,
sonar systems, and electro-optical tracking systems (EOTs) for tracking
flight testing of aircrafts, such as missiles, unmanned aerial vehicles,
micro- or mini-air vehicles, and rotorcrafts. It is also useful in nonmili-
tary applications such as robotics, air traffic control and management, air
surveillance, and ground vehicle tracking. In practice, scenarios for tar-
get tracking could include maneuvering, crossing, and splitting (meeting
and separating) targets. Various algorithms are available to achieve target
tracking for such scenarios. The selection of the algorithms is generally
application dependent and is also based on the merits of the algorithm,
complexity of the problem (data corrupted by ground clutter, noise pro-
cesses, and so on), and computational burden.

Target tracking comprises estimation of the current state of a target,
usually based on noisy measurements. The problem is complex even for
single target tracking because of uncertainties in the target’s mathemati-
cal model, especially for maneuvering targets (which need more than
one model and one transition model, and so on), and process/state and
measurement noises. The complexity of the tracking problem increases
for multiple-targets using measurements from multiple sensors. In this
chapter, we discuss several algorithms and strategies for target track-
ing and associated data fusion (DF) aspects where applicable, and in
Chapter 4, we present performance evaluation results for a few DF sys-
tems and algorithms.

The importance of DF for tracking stems from the following consid-
erations. For an aircraft observed by pulsed radar and an infrared (IR)
imaging sensor, the radar provides the ability to accurately determine
the aircraft’s range; however, it has only a limited ability to determine
the angular direction, whereas the IR sensor can accurately deter-
mine the aircraft’s angular direction, but not the range. If these two
types of observations are correctly associated and fused, this will pro-
vide an improved determination of range and direction than could be
obtained by either of the two sensors alone. Based on an observation of
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the attributes of an object, the identity of the object can be determined
and the observations of angular direction, range, and range rate may be
converted to estimate the target’s position and velocity. This could be
achieved using a Kalman filter (KF) for linear models, and an extended
KF (EKF) [32,33] and derivative-free KF (DFKF) for nonlinear systems
[34-37]. Then, the estimated states can be combined, as in state-vector
fusion (Section 3.1). Observations of the target’s attributes, such as the
radar cross section, IR spectra, and visual images, may be used to clas-
sify the target and assign a label to its identity. The raw data from the
sensors may be directly combined if the sensors are of the same type,
that is, commensurate and similar, and measure the same physical phe-
nomenon such as target range. However, in a KF the sensor data from
different types of sensors (as well as the same type of sensors) can be
combined appropriately via measurement models (and associated mea-
surement covariance matrices) and one state vector can be estimated.
In this mode, the KF is a data fuser (Section 2.2). In the case of dissimi-
lar sensors (from where the data are noncommensurate and cannot be
combined in a conventional way), for example, IR and acoustic data,
feature and state-vector fusion may be used to combine data which are
noncommensurate.

In the process of target tracking, the target track is updated by corre-
lating measurements with the existing tracks or by initiating new tracks
using measurements from different sensors. The process of gating and
data association (DA) enables proper and accurate tracking in multisen-
sor, multitarget (MSMT) scenarios [4,38,39]. Gating helps in deciding if
an observation (which could include clutter, false alarms, and electronic
counter measures) is a probable candidate for track maintenance or track
updates. DA associates the measurements with the targets with certainty
when several targets are in the same neighborhood. In practice, mea-
surements from the sensors may not be true due to the effect of clutter,
false alarms, interference from other targets, limited resolution capability
(a spatial coverage limitation of the sensor), or if there are several targets
in neighborhood.

Gating is used to screen out false signals such as clutter, whereas associ-
ation algorithms are used for automatic track initiation, measurement-to-
track correlation, and track-to-track correlation. In measurement-to-track
correlation, the sensors’ data are associated with an existing number of
tracks to determine which sensor’s data or observations belong to which
target (this is the beginning of the decision level fusion; Section 7.1). Once
a determination has been made that there is more than one observation
for a particular target, these observations are combined at the raw level
using measurement fusion, in a typical sequential estimation technique
such as KF. The steps needed to implement the measurement fusion algo-
rithm are described below. This is a technique for eliminating unlikely



Strategies and Algorithms for Target Tracking and Data Fusion 65

observation-to-track pairings. The gating process determines if an
observation belongs to a previously established target or to a new target.
Gates (rectangular, circular, or ellipsoidal in shape) are defined for one or
more existing tracks. Figure 3.1 shows the process of gating and elliptical
gates [40]. If an observation satisfies the gate, meaning if it falls in the gate,
it becomes a candidate for association with that track. The region enclosed
by the gate is called the validation or confirmation region.

Some situations encountered during gating are as follows: (1) more than
one observation may satisfy the gate of a single track; (2) one observation
may satisfy the gates of more than one existing tracks; (3) the observa-
tion might not ultimately be used to update an existing track even if it
falls within the validation region; thus, it might be used to initiate a new
track; and (4) the observation might not fall within the validation region
of any of the existing tracks; in such a case, it is used to initiate a tentative
new track. If the probability of detection is unity or there are no expected
extraneous returns (unwanted stuff), the gate size should be infinite. If
the target state is observed with a detection probability (DP) less than
unity in the presence of clutter, it gives rise to false measurements. An
observation is said to satisfy the gate of a given track if all elements of the
residual error vector are less than the gate size times the standard devia-
tion of the residuals. If z(k) is the measurement at scan k (discrete time
index) given by

z(k) = Hx(k) + v(k) 31)

dl-j: Normalized distance
z4(K) y/-(k): Measurement prediction

¥;(k): Prediction

FIGURE 3.1
Depiction of principle of gating and data association.
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and y = Hx(k|k—-1) is the predicted value with x(k|k—1) representing
the predicted state at scan (k — 1), then the residual vector (or innovation
sequence) is given by

v(k) = 2(k) - y(k) (3.2)
The innovations covariance matrix S (Section 2.2) is given by
S=HPHT +R (3.3)

Here, R is the measurement noise covariance matrix. Assuming the mea-
surement vector of dimension M, a distance d? representing the norm of
the residual vector is defined as

daz =vTSv (34)

A correlation between the observation and track is allowed if the distance
d? is less than a certain gate threshold value G [38,39]:

d?=vTSv<G (3.5)

The observation falling within the above-defined gate is more likely to
be from the track rather than from any other extraneous source. A simple
method to choose G is based on y? distribution with M degrees of freedom
(dof). The distance d? is the sum of the squares of M independent Gaussian
variables with zero means and unit standard deviations. As such, the qua-
dratic form of d2 has a y? distribution and a gate on d? can be determined
using y? tables.

EXAMPLE 3.1
Let xo = 100 and yo = 200 withc2 =16. Also xp = 85 and yp = 217 with

cz =20 [39]. Then the combined standard deviation is &, :1[(03) +cf)) =

(16+20) =6; hence | xo—xp|=abs(100-85)=15=2.56, and |yo-yp|=
abs(200-217)=17 = 2.83c,, and we see that at the component level we have
each value less than 3¢ . Hence, the gating test is satisfied at the component level.
(2.56,)* +(2.830,)?

o?
The theoretically normalized distance is a %2 variable. Hence, from the y? tables
the probability of such a variable exceeding 13.815 is 0.001 (0.1%). However, the
computed value exceeds the theoretical value. Thus, the value of the normal-
ized distance of 14.26 is unlikely for a correct measurement-to-track association,
since it exceeds the table value. This gating test is not satisfied and association

However, the normalized distance is given by d? = =14.26.
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need not be performed. The test rejects such an association. Thus, the individual
component level test is not that powerful.

In a multitarget scenario (MTT), gating provides only a part of the
solution to the problem of track maintenance and track update. Addi-
tional logic is required when an observation falls within the gates of
multiple tracks or when multiple observations fall within the gate of
a single track. In Figure 3.2, the process of sensing, DA, and gating or
tracking [39] is shown. Systems with one or more sensors operate in mul-
titarget tracking and surveillance, and there are possibilities of true tar-
gets and false alarms, the latter produced by noise and radar clutter. The
objective of the MTT is to partition the sensor into sets of observations or
tracks produced by the same source [38,39]. Once the tracks are formed
and confirmed so that background and other false targets are reduced,
the number of targets can be estimated and target velocity, future pre-
dicted position, and target classification characteristics can be computed
for each target. The track-while-scan (TWS) is a special case of MTT.
The data are received at regular intervals as the radar or other sensor
regularly scans a predicted sensor volume. The most important element
of the MTT system is DA (often called correlation). Radars, IR, and/or
sonar sensors provide measurements from targets, and background
noise sources—such as radar ground clutter or thermal noise—affect
the true observations. The measurements in such systems are position
or radar Doppler (range rate), attributes such as target type, identifica-
tion (ID) numbers, length, or shape at regular intervals of time (scans
or data frames), or the data could be available at irregular intervals at
scan k or at every sampling interval T. The electronically scanned anten-
nae (ESA) radars can conveniently switch back and forth between the
functions of searching for new targets and illuminating existing targets,
for which the time interval between scan k and scan k + 1 need not be
same for all k. The process of DA is required because of the uncertainty
of the measurement origin, which is also compounded by noise. These

Sensor data Data association/ Track initiation/
processing Correlation ”| Combination/Deletion

i v

Filtering and
prediction

Gating <

FIGURE 3.2
Sensing, data association, and gating for tracking.
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uncertainties occur in an environment where there is clutter or where
the false-alarm rate is high. This could be due to low observable tar-
gets or due to the presence of several targets in the same neighborhood.
The persistent clutter, which would be due to spurious energy reflectors
or emitters, can be identified and removed, however the random clutter
needs to be handled properly.

As such, there is no perfect certainty about the origin of the observations
obtained by a particular sensor. This is because one deals with remote sen-
sors that sense energy emitted from or reflected by one object or several
objects of interest. There may be other spurious sources of energy as well.
The measurement to be used in the tracking algorithm may not have orig-
inated from the target of interest. This can happen when a radar, sonar,
or optical sensor is operating in the presence of clutter, countermeasures,
and/or false alarms. It can also happen when there are several targets
in the same neighborhood, and even though one can resolve (separate)
the observed detections, one cannot associate them with certainty to the
targets. This difficulty is compounded when there are several targets but
their number is unknown and some of the measurements may be spurious
or interfering, and there could be delays in obtaining the measurements.

Hence, the procedure adopted is as follows: (1) the incoming observa-
tions are first considered for the update of the existing tracks; (2) gating
is used to determine which observations-to-track pairings are reasonable;
and (3) a more refined DA algorithm is used to determine final pairings.
The observations not assigned to existing tracks can initiate new tentative
tracks. A tentative track is confirmed when the number and quality of the
observations included in the track satisfy confirmation criterion. The low-
quality tracks are deleted based on a maintained or updated score. After
the inclusion of the new observations, the tracks are predicted ahead to
the arrival time for the next set of observations.

There are several DA-cum-filtering algorithms to handle gating and DA
problems [38,39,41-43]. The most popular are the nearest neighborhood
KF (NNKF) and probabilistic data association filter (PDAF) algorithms.
The NNKEF uses the measurement that is nearest to the predicted mea-
surement, assuming it to be correct. The strongest NNKF considers the
signal intensity if it is available. The PDAF uses all the measurements
in the current time validation region (gate) weighted by the association
probability computed by the PDAF. Thus, in PDAF the state estimate is
updated with all the measurements weighted by their probability of hav-
ing originated from the target—a combined innovation is used. In MTT,
the measurement-to-measurement association is called track formation,
measurement-to-track association is called track maintenance or updating,
and the track-to-track association is called track fusion. In Sections 3.1 to
3.11, we describe the theory of several tracking algorithms and some prac-
tical results using some of these tracking algorithms.



Strategies and Algorithms for Target Tracking and Data Fusion 69

3.1 State-Vector and Measurement-Level Fusion

There are generally two broad approaches for the fusion of data: measure-
ment fusion and state-vector fusion. Theoretically, the former is superior,
since the measurements are basically combined without much processing,
and the optimal state vector of target position is obtained [44,45]. In prac-
tical situations, however, this may not be feasible, since the volume of data
to be transmitted to the fusion center would be very large, and might cre-
ate problems with the channel’s transmission capacity. Hence, state-vector
fusion is preferable in such practical situations. In such a system, each sen-
sor (or sensor node) uses an estimator that obtains an estimate of the state
vector and its associated covariance matrices (of the tracked target) from
the data of that associated sensor. Then these state vectors are transmitted
over a data link to the fusion center. This certainly would reduce the chan-
nel’s overloads and overheads. At the fusion center, track-to-track correla-
tion (better known as the DA) is carried out and the fused state vector is
obtained. This is a composite vector of all the states (i.e., from all the sen-
sors’ data processing by individual KF). However, one interesting prob-
lem could arise: the process noise associated with the target is common to
the filter dynamics, and hence the target tracks would be correlated. This
might be true despite the measurement errors being noncorrelated.

In this section, the basic mathematical development for the fusion of
data level and state-vector level is given. For similar sensor DF, the perfor-
mance of measurement fusion and state-vector fusion is studied and the
results of a comparison of two radars are given. The study is conducted
with computer-simulated data and real data obtained from a flight test
range facility. The results of the fusion of measurements obtained from the
two radars from a remote sensing agency (RSA) sortie are also presented.
In general, the target motion is modeled as a state-space model

X yy = DX, + Gavy, (3.6)

(k+1)
Here, X is state vector consisting of target position and velocity, ® is state

1
transition matrix given as @ ={ }, G is gain matrix associated with

T7
process noise G = 2| and w is process noise with E [w ]=0 and

T
Var[w(k)] =(Q. The measurement model is given as

(k)

Z,,=HX, +v,, (3.7)
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10
Here, H is observation matrix H =[1 0] for one sensor, H = |:1 0] for two

sensors, and v is measurement noise with E[v,,]=0and Var[v, ]=R.

3.1.1 State-Vector Fusion

The KF is given for each set of observations, meaning that the algorithm
is applied independently for each sensor (data) and generates state esti-
mates. This approach is very suitable for the data from the outputs of non-
commensurate sensors, since the data cannot be directly combined as it
can in direct measurement data-level fusion process [44,45].

State and covariance time propagation:

~ A

X oX (3.8)

(ke1) = 2K

P

(k+1

/= @D, ®T+GQGT 39)

State and covariance measurement update:

- . a1
Koy = FronyHT [Hp(k+1)HT+R] (3.10)
X(k+1) = X(k+1)+ K(k+1) [Z(k+1)_ HX(kH):I (3.11)
P(k+1) = [I - K(k+1) H]jj(kH) (312

First, the state estimate is generated by processing the measurement data
from each sensor. Fusion is obtained by combining the state estimates
using a weighted sum of the two independent state estimates. The weight
factors used are the appropriate covariance matrices. Thus, these state
estimates and the corresponding covariance matrices are fused as follows,
that is, the fused state and covariance matrix are computed using the fol-
lowing expressions:

X/ =X+ PP+ P2y (X2 - X1) (3.13)
Pf =Pt — PP+ P2y P (3.14)

Here, X and X2 are the estimated state vectors of filters 1 and 2 with mea-
surements from sensor 1 and sensor 2, respectively, and P! and P2 are the
corresponding estimated state error covariances from filters 1 and 2.
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3.1.2 Measurement Data—Level Fusion

In the measurement fusion approach, the algorithm fuses the sensor
observations directly via a measurement model and uses one KF to
estimate the fused state vector. The equations describing this process are
given next (see also Section 2.2):

State and covariance time propagation:

fo— f

X/y= ©X, (3.15)
pf pf
P{,, = ®P{ ®7+GQG! (3.16)

State and covariance measurement data update:

-1
K(k+1 Pk+1)H [HP{ 1)HT+R] (3.17)
X<fk+1 X(k+1 K(j;m) [Z(k+1)_ H}?(fm):l (3.18)
P(k+1) |:I K(k+1)H:|P(k+1) (3.19)

The measurement vector Z is a composition of the measurement data
from the two sensors. The process is also applicable to more than two sen-
sors; this is a natural way of fusing the data. Here, the observation matrix

10
will be 2 x 2, taking both sensors together as H = |: }, the measurement
covariance matrix R :[ 0 R2:|’ with R1 and R2 as the measurement

error covariance of respective sensors.

3.1.3 Results with Simulated and Real Data Trajectories

The trajectory of a moving target is simulated using Equations 3.6 and
3.7, and measurement noises with variances 1 and 100 are added to the
outputs of the data from two sensors [45]. The data are used in both of the
algorithms for evaluating their performance using the percentage fit error
(PFE) of the trajectory, computed as follows:

norm(x — Xy)

PFE =100* (3.20)

norm(xgt )

Here, X is the filter estimated state, and x , is the ground truth, that is, the
simulated state before adding noise. The results are shown in Table 3.1.
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TABLE 3.1
Simulated Data Results for Two Fusion Strategies
State-Vector Fusion Measurement Data-Level Fusion
PFE PFE Norm (Error PFE PFE Norm (Error
(Position) (Velocity) Covariance) (Position) (Velocity) Covariance)
0.048 11.81 0.069 0.047 6.653 0.069
TABLE 3.2
Results for Real Flight Test Data
State-Vector Fusion Measurement Data-Level Fusion
PFE PFE Norm (Error PFE PFE Norm (Error
(Position)  (Velocity)  Covariance)  (Position)  (Velocity) = Covariance)
X 0.079 2.80 222.84 0.071 2.182 217.73
v 0.084 2.703 251.43 0.092 1.807 239.16
0.555 5.431 218.26 0.574 3.855 214.57

The performance of both the filter algorithms is almost identical except
in the case of the velocity fit error, where the measurement fusion shows
lower value compared to the state-vector fusion. Real data from two
radars K1 and K2 are used to estimate the track trajectory and perform
fusion using both state-vector fusion and measurement data-level fusion.
The performance with real data is shown in Table 3.2 for all the three axes.
These results show that the performances of both of the fusion methods
are nearly similar, or that measurement-level fusion is somewhat better
than state-vector fusion, which confirms the intuitive interpretation of the
data-level fusion performance.

3.1.4 Results for Data from a Remote Sensing Agency with
Measurement Data-Level Fusion

Some trajectory data from a RSA in the country were available for DF
analysis [45]. Since the time stamp on the K1 and K2 radars was not accu-
rate, the data segment for which the time stamp appeared to be proper
was used for measurement-level fusion. The fusion strategy used is (1) at
any instant of time if the data from both K1 and K2 are available, fusion
is performed using measurement-level fusion; (2) if only one of them is
available, the states are estimated using the available data; and (3) when
both radar data are not available, only predicted states are used. Table 3.3
gives the performance metrics of this fusion, which is compared with
individual tracking data in terms of fit error computed with respect to
GPS. The fit error is less than 1% in all three positions, namely x, y, and z.
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TABLE 3.3
Results of RSA Sortie Data Using Measurement Data—Level Fusion
PFE (x position) PFE (y position) PFE (z position)
Fused K1 and K2 0.097 0.006 0.012
K1 0.066 0.003 0.013
K2 0.141 0.003 0.010

It should be noted here that the covariance matrices estimated from the
sensor characterization studies (Section 3.2) are used in the filters. One
can observe from the results that in most cases measurement data-level
fusion is more accurate than state-vector-level fusion. However, for dis-
similar sensors or data, the state-vector fusion is more advisable. In most
cases, the trajectory match was quite good and therefore these plots are
not shown here.

3.2 Factorization Kalman Filters for Sensor Data
Characterization and Fusion

Sensor DF using data from ground-based target tracking radars, EOTs,
and inertial navigation system (INS) sensors is an involved problem, as
these data are often affected by different systematic errors, time stamp
errors, time delays, and random errors [46]. A practical solution is required
to: (1) correct these errors; (2) estimate measurement and process noise
statistics; and (3) handle time-stamp and time-delay errors. The effect of
random errors such as process and measurement noises on the trajectory,
in particular, is reduced to a large extent by using filtering and estima-
tion algorithms. A method to correct systematic errors using an alignment
algorithm has been suggested [47], wherein the radar measurements are
mapped to the earth-centered, earth-fixed (ECEF) coordinates using a
geodetic transformation, and the radar errors are estimated using least-
squares technique.

3.2.1 Sensor Bias Errors

Global positioning system (GPS) data can be used as a reference to obtain
an estimate of sensor bias errors and measurement noise covariance for
the various sensors. The technique used is KF with an error-state space
and is known as error-state KF (ESKF) formulation [32]. The ESKF estimates
the bias errors in the sensor data using the difference between the actual
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Sensors for X + X,
analysis o

GPS- Xg I\ X, UD filter 8%,
reference + I( ) (error model)

FIGURE 3.3
UD filter in error model form for sensor characterization.

measured data and the reference GPS data. The covariance of the residuals
of the ESKF gives an estimate of the measurement noise covariance of
a particular sensor. The estimated biases are used to correct the sensor
data before these data are used for state estimation and fusion. Figure 3.3
depicts ESKF block with UD filter [46]. Sensor characterization is carried
out in the ECEF coordinates system. The GPS data in the World Geodetic
System 1984 (WGS-84) frame are first converted to the ECEF frame using
the following transformation:

X, =(r+h)cosAcosp
Y, =(r+h)cosAsinp (3.21)
Z.; ={1=e?)r+h}sini

where A, U, and  are latitude, longitude and altitude obtained from GPS
data, r = a/(1-e?sin? L)/2 is effective radius of earth, 4 is the semi major
axis (equatorial radius) = 6378.135 km, and e is the eccentricity = 0.08181881.
The radar data measured in polar frame are converted to local Cartesian
coordinates in the East-North—Vertical (ENV) frame using the following
transformations:

X, =Rsin@cos6

en

Y =Rcos¢cos6 (3.22)

Z,.,=Rsin6
Here, R is range in meters, ¢ is azimuth in degrees, and 0 is elevation in
degrees. The sensor data are then converted from the ENV to the ECEF
frame using the transformation matrix
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X X, | |-sinp —sinAcosp cosAcosu || X,
Y.i [=| Y |+]| cosp —sinAsinp cosAsinp || Y, (3.23)
Z, Z, 0 cosA sinA Z.

Here, A and p are the latitude and longitude of the respective sensors,
andX,, Y,, and Z,_ give the location of the sensors in the ECEF frame.
This is obtained from the latitude (A), longitude (u), and altitude (k) of
the tracking station using Equation 3.21. In the case of INS, the measured
down range, cross range, and altitude are converted to a local ENV frame
and then to the ECEF frame. In the case of EOTs, the measured azimuth
and elevation are transformed to a local ENV frame using a least-square
algorithm, and then these data are transformed to the ECEF frame. It is
essential to time-synchronize the GPS data and sensors data for estimat-
ing the bias errors.

3.2.2 Error State-Space Kalman Filter

The UD factorization [33] implementation form of the KF is used for
estimating the sensor biases and measurement noise covariance. In sen-
sor characterization, the KF is implemented with the “error state-space”
model instead of the actual state-space model. This is known as an indirect
method [32]. This error model is given as

8X(k +1) = DIX(K) + Gw(k) (3.24)
SZ(k) = HoX (k) + v(k) (3.25)

Here, 6X is the vector of position and velocity error states in all the three
axis, 8Z is the vector of measured position error (i.e.,, GPS—sensor) in all
three axis, @ is the transition matrix, H is the observation matrix, w is the
process noise with zero mean and covariance matrix Q, and v is the mea-
surement noise with zero mean and covariance matrix R. The complete
error model for characterizing the sensors in the ECEF frame is given as

[Sx(k+D ] [1 T 0 0 0 o]k | [12/2]
o (k+1)| [0 1 0 0 0 0],k T
dy(k+1) 00 1T 0 0 dyk)| [T22

= k 3.26
su(k+1)| [0 0 0 1 0 O &;y(k)Jr r [0 62
Sz(k+1) 00 00 1 TI &k | |T2/2
| So,k+1)| [0 0 0 0 0 1],k [ T |
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[ Sx(k) |

oo (k)
ax,0] [10 0 0 0 o) o0
sy (k|=/0 0 100 0 5;/ pREXD (3.27)
()| o000 1 of o,(k)

82(k)

[a0.(0)

Here, dx is the position error in x-direction, dv_is the velocity error in
x-direction, 8y is the position error in y-direction, dv, is the velocity error
in y-direction, &z is the position error in z-direction, 8v, is the velocity
error in z-direction, and T is the sampling interval. The subscript m repre-
sents measured position error (GPS data — sensor data).

3.2.3 Measurement and Process Noise Covariance Estimation

Achieving adequate fusion results requires estimates of the measure-
ment noise covariance matrix R and process noise covariance matrix Q.
The sliding window method is used for adaptive estimation of R for each
measurement channel. The estimate of R is obtained by determining the
covariance of the residuals from ESKF over a chosen window width. Once
the R is estimated, Q is adaptively estimated during the state estimation
using the method [32] given below:

i [@P(k - 1/k = )@ + GQ(k - 1)G™ — P(k/k) — Ax(k)Ax(k)" | =0 (3.28)

k=i—-N+1

Here,
Ax(k) = 2(k/k) — R(k/k — 1) = K(k)r(k) (3.29)
P(k/k) = P(k — 1/k — 1) — K(k)HP(k — 1/k — 1) (3.30)
P(k - 1/k — 1) = K(k)A(k)H™ (3.31)
A(k) = % 2 r(k)r(k)T (3.32)

If G is invertible for all k, then an estimate of Q(k) can be defined as

Qi) = % 2 {G [ Ax(k)Ax(k)" + P(k/k) - DP(k —1/k - 1)@T |GT} (3.33)

k=i—-N+1
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If G is not invertible, then pseudo-inverse is used, computed as

G* =[G"G]G" (3.34)

3.2.4 Time Stamp and Time Delay Errors

The fusion of data from two or more sensors requires that the mea-
surements are available at the same instant of time and that the data
are received with an accurate time stamp, corresponding to the time at
which the data were sensed or acquired by the sensor or data acquisition
system. This is not always the case—the data could come with erroneous
time stamps either at the transmitting end or at the receiving end. There
could be drifts in the time recorded on any channel. This time drift could
either be of a constant value on any channel or could be different (ran-
dom) at each instant of time. Some practical aspects on this issue are as
follows: (1) the first few samples of data can be used to ascertain constant
time drift on any channel and the subsequent time stamps can be cor-
rected by the computed time drift; (2) to handle random time drift, at any
instant of time, any data coming within one-half of the sampling time on
that channel can be treated as if it has arrived at that instant for purpose
of fusion; and (3) for state-vector fusion, it is expected that the output of
the filter is available at every T seconds (reference sampling time). This
is achieved by using the data arriving at each instant for updating the
states of the filter and propagating the estimated states to the nearest
T, so that it is available for fusion there. This method of synchronizing
the state vectors for fusion presupposes that the sampling time require-
ments are appropriately chosen to suit the dynamics of the target being
tracked.

3.2.5 Multisensor Data Fusion Scheme

Figure 3.4 shows a block diagram of the multisensor DF (MSDF) scheme
[46]. The first step is time synchronization of various sensors’ data. For
this step, the data arrival on each of the tracking sensor data (including
GPS) is checked and a reference time signal is initiated using the time
stamp on the sensor data that arrives first. This time signal is incre-
mented at a uniform rate of T seconds. At each step, the sensor time stamp
on each of the input data channels is compared with the reference time
and appropriate action is initiated using “decision logic” based on the
time delay error handling procedure mentioned above. Each data set is
appropriately transformed to the ECEF frame using the standard trans-
formation equations mentioned earlier. With a GPS signal as a reference,
all the sensors’ data are characterized by estimating bias and measure-
ment and process noise covariance as mentioned earlier. These data are
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then used for filtering and fusion with appropriate models and governing
equations. The target motion model is given as

X(k+1) = ©X(k)+ Gw(k) (3.35)

Here, X is a state vector consisting of target positions, velocities, and
accelerations:

X=[x, x, x, v, ¥, Y. 2, z, z][

r v a r v
The state transition matrix is given as

1T T2 00 0 00 0
01 T 00 0 00 O
00 1 00 0 00 0
00 0 1T T)200 0
®=0 0 0 01 T 00 O
00 0 00 1 00 0
00 0 00 0 1T T2
00 0 00 0 01 T
00 0 00 0 00 1 |

and the process noise coefficient matrix is given as

[T3/6 0 0
T2/2 0 0

T 0 0

0 T3/6 0O

G=| 0 T22 O
0 T 0

0 0 T3/6

0 0 T2/2

0 0 T |

Here, w is the process noise with E[w(k)]=0 and cov[w(k)]= Q. The mea-
surement model is given as

Z(k) = HX(k) + v(k) (3.36)

Here, Z is the measurement vector given by Z=[x, y, z,]’, and the
observation matrix is given as
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100 0O0O0O0O0O
H=/0 001 00 00O
000O0O0OO0OT1TO0OTO®

Here, v is the measurement noise with E[v(k)] = 0 and cov[v(k)] = R

3.2.5.1 UD Filters for Trajectory Estimation

KF is implemented in UD factorization form for the trajectory estima-
tion using the target motion models described above. The UD factor time
propagation algorithm is given next. State-estimate time propagation or
extrapolation is given as

%k +1) = DR(K) (3.37)

Error covariance time propagation or extrapolation is given as
P(k +1) = ®P(k)DT+GQG" (3.38)

Given initially P=UDUT and Q, the time update factors U and D are
obtained using the modified Gram—Schmidt orthogonalization process:

W =[®U|G,]1D = diag[D, Q] with W™ = [w1, w2, .., wn]

Here, P is reformulated as P=WDWT. Then U and D factors of WDWT
are computed. For j =n, n-1, ..., 2, evaluate the following equations recur-
sively [33]:

A — (n=)) . (n=j)
D]. =<w; T, w >,

Ug,j) = <w™”,w"” > /D, i=1,..,(j-1)
The above equation gives the weighted product of the two vectors of w.

e R B DR R U) B ;
w! = w""-U@, " i=1,..,(-1)

i (3.39)
D, =<w{""V, w!""V >,

Here, subscript D denotes the weighted inner product with reference
to D. The UD factor measurement update part of the filter is given next.
This update part combines a priori estimate ¥ and error covariance P with
scalar observation z =aTx+ v to construct an updated (filtered state) esti-
mate and covariance as follows [33]:
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K = Pa/o.

s = .

X = x+~K(z a’x) (340)
o=a'Pa+r

P = P—KaP

Here, P =UDUT, a is the measurement vector or matrix, r is the measure-
ment noise covariance, and z is the string of noisy measurements. The

gain K and updated covariance factors U and D are obtained using the
following equations [33]:

f=U0%a;  f'=(f,...f,); v=Df; v=df i=12,..,n
ﬁlzﬁlr/ocl ;o =1+ f) (341)
KI=(,0...0)

Next, for j =2,..., n, the following equations are evaluated:

a; =0y, +0,f;

flfz‘ilf“ i/ “f (342)
=i, +hk; A ==f/o,

K.=K +v it

j+1 j J j

Here, U = [i,,...,1,], u =[i,,...,11,], and the Kalman gain is given by
K=K, /o,, wherein d is the predlcted diagonal element and d, is the
updated diagonal element of the D matrix.

3.2.5.2 Measurement Fusion

The data from similar radars, such as S-band radars (GR1, GR2, and
GR3) are fused using measurement fusion. The UD filtering algorithm
described fuses the sensor observations directly and estimates the fused
state vector, by taking all sensor measurements together as per the obser-
vation matrix H:
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Here, H,, H,, ..., H, are observation matrices of n individual sensors. The
measurement covariance matrix is given as

R, 0 00 0
0O R, 00 0
R=[0 0 . 0 0
0 00 . 0
(0 0 0 0 R,

Here, Ry, R,, ..., R, are the measurement error covariance values of respec-
tive sensors.

3.2.5.3 State-Vector Fusion

Fusion is performed as follows:
Xf=X1+PY(P+P?) (X2 - X1) (343)
Pf = p1 — py(Pt + p2)1 pr (3.44)

Here, X! and XZ2are the state vectors of estimated trajectories 1 and 2, and
P! and P2 are the state error covariance matrices of estimated trajectories
1 and 2. In this method, only two trajectories are fused at a time.

3.2.5.4 Fusion Philosophy

All the tracking sensors are grouped into four major groups (Figure 3.4)
[46] based on the type, sensitivity, and accuracy of the sensors. The four
major groups are as follows:

1. Module 1: The tracking data from the three radars, after coordinate
transformation and characterization, are fused to get single trajec-
tory data (trajectory A) by direct measurement fusion using UD-KE

2. Module 2: The tracking data from the precision coherent mono-
pulse C-band (PCMC) radar, after coordinate transformation and
characterization, are filtered (trajectory B) using UD-KF.

3. Module 3: The tracking data (azimuth and elevation) from EOTs
are first transformed to local ENV frame using least-square
method and then transformed to ECEF. These data are then fil-
tered (trajectory C) using UD-KFE.

4. Module 4: The tracking data from the onboard inertial naviga-
tion system (INS) are telemetered at a sampling interval of 72 ms.
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These data (down range, cross range and altitude) are transformed
to ECEF, characterized, and filtered (trajectory D). The data are
then time propagated in ECEF coordinates using target dynamic
model to time synchronize with other track data. These trajecto-
ries (trajectory A, trajectory B, trajectory C, and trajectory D) are
then fused using state-vector fusion.

A hierarchical order, based on the accuracies of sensors, is chosen for gen-
erating the final trajectory estimates. EOT sensors are accurate up to a
maximum range of 40 km. The following criteria are used to decide the
priority for fusion:

1. If estimated range is less than 40km, trajectory C is fused with
trajectory A. The resultant trajectory is fused with trajectory B and
finally this resultant trajectory is fused with trajectory D (INS).

2. If the estimated range is greater than 40 km, trajectory A is fused
with trajectory B and the resultant trajectory is finally fused with
trajectory D. That is, if the estimated range is less than 40 km, tra-
jectory Cis used for fusion but for ranges beyond 40 km trajectory
C is not included for state-vector fusion.

Sensor characterization, trajectory filtering, and fusion—as described
above—have been developed in “C” on the UNIX platform. The scheme is
validated with simulated data of all the sensors, generated using a graphi-
cal user interface-based “simulator program” that generates noisy mea-
surement data of a moving target launched from a given location: (1) R, 6,
and ¢ for S- and C-band radars; (2) cross range, down range, and altitude
for INS; 3) 6 and ¢ for EOTs; and (4) WGS-84 for GPS. The results are
evaluated in terms of (1) mean of residuals, (2) percent autocorrelation val-
ues out of the 26 theoretical error bounds, (3) percent innovation values
out of bounds, and (4) PFE with reference to true states. Also, several types
of plots have been used (not all are shown): (1) estimated position with
GPS data, (2) innovation sequence with 26 bounds, (3) autocorrelation of
residuals with bounds, (4) root sum squares of position error (RSSPE), and
(5) state error covariance (trace of matrix P). Table 3.4 shows various per-
formance metrics. Figure 3.5a, b, and ¢ shows the plot of (a) estimated
position with GPS data, (b) innovation sequence with 26 bounds, and
(c) autocorrelation of residuals with bounds (obtained at fusion level A)
[46]. One can see that the performance of the tracking filters is satisfactory
in terms of innovations and autocorrelations being within their theoreti-
cal bounds. Figure 3.6 shows the comparison of RSSPE [46]. It is clear that
the error in the final fused trajectory is quite low. There is also a decrease
in the error covariance because of an increase in information (not shown
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TABLE 3.4
Results of Data Fusion and Performance Evaluation
A* (S-Band B (C-Band

Level® Radars) Radars) C(EOTs) D (INS) E (Fused)
Residuals mean X 0.0038 0.01282 0.00009 -0.0122 —
y  -00043  -00140  -0.0017 0.00624 —
z 0.0004  -0.0009  —0.0002 0.00179 —
% autocorrelation x 3.6407 3.2967 2.9735 2.1969 —
valuesoutofthe 458855 52144 4.0293 2.2184 -
bounds
z 29513 3.1028 321051 74521 —
% innovation x 1.89575 1.6591 1.6591 23261 —
Values outof y 03662 1.5945 01939 21753 —
bounds
z 0.4524 0.6679 0.6464 03877 —
PFE with respect ~ x 0.0987 0.1981 0.0124 0.1123 0.1011
to true data y 0.0050 0.0097 0.0007 0.0044 0.0052
z 0.0019 0.0025 0.0007 0.0010 0.0013

2 Data fusion levels from Figure 3.4
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Filter performance results for data fusion level A (see Figure 3.4): (a) Estimated position
with GPS data; (b) innovation sequence with 26 bounds; and (c) autocorrelation of residuals
with bounds (obtained at fusion level).
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Root sum squares of position error for simulated data-fusion scheme.
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Bias (in x, y, and z in — x direction) and measurement covariance values for the real data
(x, y, and z positions).

here) by fusing multiple trajectories. Figure 3.7 shows the comparison of
bias (in meters) and measurement covariance (in square meters) for the
real data for x, y, and z (the axis directions) positions, respectively, for the
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sensor characterization of two S bands and one PCMC radar from the real
data of an aircraft tracked by these ground-based radars. The real data
is generated by flying an aircraft for purposes of sensor characterization
and fusion [46].

3.3 Square-Root Information Filtering and Fusion in
Decentralized Architecture

The DF architecture chosen when attempting to build an MSDF system
plays a significant role in deciding the algorithms for DF. The choice
is made with a view toward balancing computing resources, available
communication bandwidth, desired accuracy, and the capabilities of the
sensors. The three most commonly used architectures are as follows:
(1) centralized, (2) distributed or decentralized (there could be a subtle
differences between the two), and (3) hybrid, as discussed in Section 2.1.
In a decentralized DF network (NW), the sensor nodes have a processing
facility for each node, and do not need any central fusion facility [31].
Fusion occurs locally at each node using the local measurements and
the data communicated from the neighboring nodes. Hence, there is no
single fusion center; this means that there is no central node for the NW
to operate successfully. Communication in the NW is on a node-to-node
basis, since the nodes only know the connections in their vicinity. There
are other architectures such as distributed or hierarchical which are
also described as “decentralized.” The merits of decentralized DF NW
architecture are as follows: (1) the system is scalable and communication
bottlenecks and bandwidth issues are less important here; (2) the system
is quite fault tolerant and can withstand dynamic changes; and (3) all
fusion processes occur locally at each sensor site and the nodes can be
created and programmed in a modular fashion [31]. Thus, such a system
is scalable, survivable, and modular. One way to achieve decentralized
sensor fusion network architecture is to efficiently decentralize the exist-
ing centralized DF system and algorithms with proper care, as this is
quite possible and many such DF algorithms are more efficient than con-
ventional DF algorithms.

For decentralized fusion networks, the information filter (IF) is gener-
ally advocated (instead of covariance-based KF), since the IF is a more
direct and natural method of dealing with MSDF problems than the
conventional KF. The IF has certain advantages in decentralized sensor
networks because the IF provides a direct interpretation of node observa-
tions and contribution in terms of information. The IF, if implemented in
the conventional form, could be sensitive to computer round-off errors
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which in turn could degrade the performance of the filter. This is a crucial
aspect if the algorithm is to be used for DF and in real-time online mode
(say on board computers of aircraft, missiles, and spacecrafts). Square
root information filter (SRIF) algorithm offers a solution to this problem
of numerical accuracy, stability of the filtering algorithm, and general
overall reliability. This improved behavior of SRIF is due to the reduc-
tion of the numerical ranges of the variables compared to the nonsquare
root implementation of the corresponding IF [33]. Some ramifications of
SRIF to obtain SRI sensor-fusion algorithms (SRISFA) are described [48],
and SRIF applied to fully decentralized sensor DF NW can be considered
a new development which can offer improved numerical accuracy over
conventional methods.

3.3.1 Information Filter

IF is a natural way of dealing with MSDF problems and the related
numerical data processing methods than the conventional KF because it
provides a direct interpretation of the node observations and contribu-
tions in terms of information [31].

3.3.1.1 Information Filter Concept

In IE, a system state is updated based on a sensor observation containing
relevant information about the state and the measurements are modeled
in terms of their information-content value using a linear system:

z=Hx+v (345)

Here, z is an m-vector of observations, x is n-vector of variables to be esti-
mated, H(m, ) is measurement model, and v is an m-vector of measurement
noise with zero mean and identity covariance matrix. The LS estimate of x
is obtained by minimizing the mean square measurement error:

J(x)=(z— Hx)"(z— Hx) (3.46)

In addition to the system of Equation 3.45, we have an a priori unbiased
estimate X of x, and an a priori information matrix (the inverse of cova-
riance matrix from the KF) forming an a priori state-information matrix
pair: (%, A). Incorporating the a priori information pair in Equation 3.46, we
get the modified performance functional [33]

J,(x)=(x-x)T A(x — %)+ (z - Hx)" (z— Hx) (347)
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3.3.1.2 Square Root Information Filter Algorithm

By factoring the information matrix into its square roots, the following
form of | is obtained [33,48]

J,(x) = (x — ¥)T RTR(x — &) + (z — Hx)T (z — Hx)

. - (348)
J,(x) =(z—=Rx)" (2 — Rx) +(z — Hx)" (z — Hx)

where % = Rx. The first term of Equation 3.48 can be written as Z = Rx + .
It can be readily seen from Equation 3.48 that the performance functional
] represents the composite system

iR e

Thus, it can be seen that the a priori information is an additional observa-
tion in the form of a data equation such as measurement Equation 3.45.
This provides the basis of the SRIF algorithm. Then, the LS solution is
obtained by applying the method of orthogonal transformations. This
solution is likely to be less susceptible to computer round-off errors. Using
an orthogonal Householder transformation matrix T, one can obtain the
solution to the least squares functional as

R . z R 2
T{ - ”}:[ / f]; j=1,..,N (3.50)
j

H]. z;

With ¢; as the sequence of residuals, it can be seen that a new information
pair is generated (2;,R;)and the process can be repeated with the incorpo-
ration of next measurement (z;.1) to obtain the recursive SRIF, which can
now form the basis for decentralized SRIF.

3.3.2 Square Root Information Filter Sensor Data Fusion Algorithm

Let a system with two sensors, H1 and H2, be specified; then, using the
earlier formulation, we can fuse the sensor measurements at the data
level:

1R 2,
T\Hy, =z, |=| " '|; j=1..N (3.51)
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This process results in the state estimate with the effect of two-sensor data
taken into account for fusion, and it can be easily extended to more than
two sensors. It is also possible to process the measurements from each
sensor individually to obtain the estimate of the information-state vectors
and then fuse these vectors to obtain the combined IF-state-vector fusion
(as done in KFSVE). The fusion equations are given as [4§]

A A

=%+2, and R =R +R, (3.52)

A

Zf

Here, Z is the information state from the point of view of the square-root
information concept. If required, the fused covariance-state is obtained by

& =Rz, (3.53)

Hence, it is observed that the data equation formulation of the informa-
tion pair and the orthogonal transformation yield very simple and yet
very useful solutions to the sensor DF problem with enhanced numerical
reliability and stability.

3.3.3 Decentralized Square Root Information Filter

A scheme of decentralized square-root information is shown in Figure 3.8
[48]. It consists of a network of nodes with its own processing facility, and
fusion occurs locally at each node on the basis of local observations and

Z: T+ 1+ D RGFUD 26+ 1D _[RG+1) £G+1) 5.
J MOy e )Tl 0 ege > Zj
A
zZj 2
T(/+1//+1)|:i3(/+1//) 2+ 1UD|_[RG+1) 2+ 1) < TG+ 1+ 1){1%(/41/;) :z(/+1//)}: R'(j+1) 2°(j+1)
HG+1) 2(j+1) ] 0 e(i+1) H(j+1) 2(j+1) 0 e(i+1)
41 Zi
j ! j
. . R+ 1)) 2+ 1| _[R(G+1) 27+ 1) 5.
zj e T(’”/“D{H(,'u) z(/+l):| { 0 a(,‘uJ >Zj
FIGURE 3.8

Decentralized architecture for square root information filter (each rectangular block con-
tains a square root information filter).
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the information communicates from neighboring nodes [31,48]. The pro-
cessing node is a sensor-fusion node that takes local observations and
shares information with other fusion nodes. It assimilates the communi-
cated information and computes the estimate.

A linear system is given in state equation form as

x(j + 1) = Ox(j) + Gw(j) (3.54)

Here, w is the white Gaussian process noise with zero mean and covari-
ance Q. It is assumed that the a priori information given about x, and w,
can be put in data equation as [48]

z, =R w,+v, (3.55)
z, =Ryx, +9, (3.56)

Here, the variablesv,,V,, and v are assumed to be zero mean, indepen-
dent, and with unity covariance matrices. By incorporating the a priori
information, the time propagation part of the SRIF obtains the following
form. The local mapping (time propagation) is given as [48§]

r(jsp| Rl 0 zwm]:[ﬁw(m) R (j+1) 2,(+D)

—RUj+1G Ri(j+1) Z(j) 0 R(G+1) 2(j+1)
(3.57)
The subscript w signifies the variables related to the process noise.
We have
RUGj+1)=R(j)o7(j+1) (3.58)

Local estimates are generated using measurement update of SRIF [48]

T(j+1/j+1) R(j+1/j) 2+ |_[R(G+D z(j+D) 359
J*57 H(Gj+1)  z(j+1) 0 e(j+1) '

Here, * denotes the local updated estimates. These estimates can be com-
municated between all nodes in a fully connected network, and at each
node the estimates can be assimilated to produce global SRIF estimates.
Assimilation equations to produce global SRI estimates at the ith node
(with k=1, ..., N — 1 representing the remaining nodes) are given by [48]
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N-1

2 (j+Vj+1) =2 (j+1/j+1)+ Y.z (j+1/j+1) (3.60)
k=1
f?i(j+1/j+1):R*(j+1/j+1)+I§R;(j+1/j+1) (3.61)

k=

—

This formulation of the information pair and the orthogonal transforma-
tion T, in the data equation format, yields in a natural way very elegant,
simple, and useful solutions to the decentralized sensor DF problem. The
algorithm would possess better numerical reliability and stability due to
the use of the square-root filtering formulation compared to the normal
IF-based schemes. The basic ramifications, such as inclusion of correlated
process noise and bias parameters (from the IF/SRIF [33]), are equally
applicable to the decentralized SRISFA (DSRISFA) and in SRIF structure
it is easy to derive algorithm modifications and/or approximations with
the data equation framework in a straightforward manner. Decentralized
IF for fusion requires communication of the local “information states”
and information matrices to all the neighboring nodes for computing the
global estimates, whereas in the case of the SRIF for fusion the informa-
tion states and information matrices are estimated together. Communica-
tion between local nodes involves the transmission of the first row of the
matrix (RHS of Equation 3.59) as a whole in a fully decentralized network
with a number of nodes. The smaller range of numbers in the SRIF for-
mulation enables the results to be represented by fewer bits. This would
result in communications overhead savings.

3.3.4 Numerical Simulation Results

Numerically simulated data of the position of a target moving with con-
stant acceleration are generated. The decentralized SRISFA is validated for
a two-node interconnection network. The system has position, velocity,
and acceleration as its states

xT =[x x X] (3.62)
With the transition matrix as follows:

1 At AR/2 A1 /6
®=|0 1 At |, G=| arp2 (3.63)
00 1 At
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The At is sampling interval of 0.5 s, and w is white Gaussian noise with
zero mean and standard deviation of 0.0001. The measurement model for
each sensor is given by

z, (j+1)=Hx(j+1)+v, (j+1) (3.64)

Here, H = [1 0 0] for each sensor. The vector v is measurement noise, and
white Gaussian noise with zero mean. The position data pertaining to the
two nodes or measuring sensors are generated by adding random noise
with6 =1and ¢, =5. The whitened measurements with appropriate mea-
surement equatlons are used for generating fused global estimates at both
the nodes. This is done by utilizing the local estimates at the node and the
communicated information from the neighboring nodes. The performance
of the SRIFDF algorithm in terms of numerical accuracy is compared
with the decentralized information filter algorithm for two nodes imple-
mented in PC MATLAB® using the simulated data. Both the algorithms
were started with identical initial conditions (for the state and informa-
tion matrices) and with the same values of process and measurement noise
covariance. Table 3.5 gives the PFE of the state estimation error for three
states obtained using SRI filter and IF algorithms. The fit error is calculated
using PFE =100 * norm(X — x,)/norm(x,) where x; is the true state. It is clear
that the PFEs are lower when the SRIF algorithm is used for estimation. It
is also clear that the SRIF is relatively less sensitive to variation in Q when
compared with IF. Subsequently, the SRIF was applied to certain real-flight
test data of a launch vehicle obtained from two ground radars (placed at
different locations). The radars measure the range, azimuth, and elevation
of the moving vehicle. These data are converted to Cartesian coordinate
frame so that linear-state and measurement models can be used. The data
are converted to a common reference point and whitened before use in
state estimation or fusion exercises. Kinematic fusion is performed after
processing the data using SRIF at each node. The norms of the SRI matrix,
which is a direct outcome of the SRIF algorithm, are compared for indi-
vidual sensors and for fused data for all the axes. The norms for the fused
data were higher than those of the individual sensors. The detailed results
for four nodes of SRIFDF can be found in [48].

TABLE 3.5

Performance Metrics for Local Nodes and Global Fused Estimate (Q;; = 1.0e-4)
PFE for SRIF for[x x X] PFE for IF [x x X]

Node 1 0.0212 0.3787 3.8768 0.0342 0.8637 13.8324

Node 2 0.0931 0.6771 4.6231 0.1274 2.2168 20.9926

Fused 0.0294 0.4012 3.9470 0.0338 0.8456 13.4540
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3.4 Nearest Neighbor and Probabilistic Data Association
Filter Algorithms

We have seen that gating and DA operations are required to enable effi-
cient tracking in MSMT scenario. Gating helps in deciding if an obser-
vation (which might include clutter, false alarms, electronic counter
measures, and so on) is a probable candidate for track maintenance or
track update. DA is a step to associate the measurements to the targets
with certainty when several targets are in the same neighborhood.
Now, two approaches to DA and related filtering algorithms will be
discussed [38,39]:

1. The nearest neighbor (NN) approach, in which a unique pairing
is determined. At most one observation can be paired with an ear-
lier established track; the goal is to minimize an overall distance
function that considers all observation-to-track pairings that sat-
isfy a preliminary gating test.

2. The PDAF algorithm, in which a track is updated based on the
decision using a weighted sum of innovations from multiple vali-
dated measurements.

A program based on gating and DA using both NNKF and PDAF
approaches has been developed in PC MATLAB for handling the prob-
lem of tracking in a MSMT scenario. It is primarily an adapted version
of the commercially available software package [41] and is updated and
modified for the present application. The salient features of the upgraded
MSMT packages are [40] (1) data are transformed to common reference
point; (2) both NNKF and PDAF are used; (3) similar tracks are combined;
(4) direction feature is included; (5) performance metrics Singer—Kanyuck
(S—-K), RMSPE, and RSSPE are evaluated; and (6) the track loss feature is
also included. In Figure 3.9, the steps of the MSMT program are shown
[40]. The test scenarios considered are

1. Three targets launched from different sites and nine sensors
located at different locations tracking these targets, and the three
sensors are configured to track one target. The program generates
information on the target-sensor lock status. The performance is
evaluated by adding clutter to the data and simulating the data
loss in one or more of the sensors for a short time period.

2. Each of the three sensors looks at six targets and then all the three
sensor results are fused, with the possibility of some data loss.
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Multisensor, multitarget tracking program.

3.4.1 Nearest Neighborhood Kalman Filter

In NNKE, the measurement that is nearest to the track (within the gate size
after gating operation is performed) is chosen for updating the track. Each
measurement can only be associated with one track. No two tracks can
share the same measurement. If a valid measurement exists, the track
should be updated using NNKE. The time propagation follows the normal
KF equations

X(k/k—-1)=®X(k—1/k-1) (3.65)
P(k/k —1) = ®P(k - 1/k — 1)®T + GQG” (3.66)
The state estimate is updated using

X(k/k) = X(k/k — 1)+ Kv(k)

¢ ) (3.67)
P(k/k) = (I - KH)P(k/k - 1)
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The Kalman gain is given as K = P(k/k —1)HTS, the residual vector as
v(k) = z(k) — Z(k/k — 1), and the residual covariance as S = HP(k/k —1)HT+R.
The measurement error covariance matrix is given by R = diag[ 62 G, o2]

where three observables x, y, z are considered. In case of no valid mea-

surement, the track will have the propagated estimates

X(k/k) = X(k/k - 1)
P(k/k) = P(k/k —1)

(3.68)

Figure 3.10 shows the information flow in NNKF DA procedure [39,40].
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3.4.2 Probabilistic Data Association Filter

The PDAF algorithm computes the association probabilities for each valid
measurement at the current instant for the target; this information is used
in the filter. If it is assumed that there are m measurements falling within
a particular gate, that there is only one target of interest, and that the track
has been initialized [38,40-43], then the association events as below are
mutually exclusive and exhaustive for m = 1.

z; ={ y, is the target originated measurement}, i=1,2,...,m, (3.69)

{none of the measurements is target originated}, i=0

The conditional mean of the state is written as

X(k/k) = if([(k/k)pi (3.70)

i=0

Here, f(i (k/k) is the updated state that is conditioned on the event that the
ith validated measurement is correct and p; is the conditional probabil-
ity of the event. The estimates conditioned on the measurement i, being
assumed to be correct, are given by

)A(l.(k/k) = X(k/k-1)+Kv,(k), i=1,2,..,m (3.7D)
and the conditional innovation are given by
v, (k) =z,(k)—z(k/k - 1) (3.72)
For i =0, if none of the measurements is valid (i = 0) then
X, (k/k) = X (k/k -1) (3.73)
The state update equation of the PDAF is given as
X(k/k) = X(k/k - 1)+ Kv(k) (3.74)

The merged innovation expression is given by

vk) =, p,(k)v, (k) (3.75)
i=1
The covariance matrix associated with the updated state is given as

P(k/k) = po(k)P(k/k = 1)+ (1= py(k)) Pe(k/k) + P(k) (3.76)
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Here, the covariance of the state updated with correct measurement is
given as

Pe(k/k) = P(k/k —1)— KSKT (3.77)

The spread of the innovations is given as

Ps(k/k) =K (2 p. (v, (k)v()T = v(k)v(k)" J KT (3.79)

i=1

The conditional probability is computed using the Poisson clutter
model [38]

— TG-1
e 0.50] 571,

p.(k)= , fori=1,2,...,.m

/21—[5 (1 S —OSUJTS"UJ

x\/ﬁ (1 » )
Xm% _,_ze—o.so;sflvj
D j=1

(3.79)

, fori=0

Here, A = false alarm probability, and P, = DP. The computational steps
in the PDAF algorithm are depicted in Figure 3.11 [38,40,43,49] and the
features of these algorithms are given in Table 3.6 [40].

3.4.3 Tracking and Data Association Program
for Multisensor, Multitarget Sensors

Two approaches for multitarget tracking are “target oriented” and “track
oriented.” In the target-oriented approach, the number of targets is
assumed to be known. Here, all the DA hypotheses are combined into
one for each target. In the track-oriented approach, each track is treated
individually while it is initiated, updated, and terminated based on the
associated measurement history. The track-oriented approach is pursued
here and in the track-oriented algorithm, a score is assigned to each track
and is updated according to the track’s association history. A track is ini-
tiated based on a single measurement data and is eliminated when the
computed score is below an assigned threshold. A brief description of the
steps in the MSMT program is given next [40].
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Probabilistic data association filter computational steps—the filled boxes show the major
differences between the nearest neighborhood Kalman filter and the probabilistic data
association filter.
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TABLE 3.6

Important Features of NNKF and PDAF

Main Features

NNKF

PDAF

Filter type
DA

Degree of possibility of track
loss

Possibility of false track
Data loss

Computational cost and time

Capability of tracking

Linear KF

Measurement nearest to the
predicted measurement in
validation gate or region
used

High

High
Degradation due to some

uncertainty in estimation
of earlier state

Low

Less reliable in cluttered
environment

Linear KF

Association probabilities for
each measurement lying in
the validation gate or
region used

Less

Less

Better performance due to
better estimation of earlier
states

High (nearly one and half
that of the KF)

Relatively more reliable in
clutter environment

3.4.3.1 Sensor Attributes

In sensor attributes, the sensor location, resolution, field of view (FOV),
DP, and false-alarm probability (Pfz) are considered. Using Pfa, the num-
ber of false alarms is computed by

Nfa = Pfa* uFOv (3.80)

Here, Nfa is the expected number of false alarms and PFOV is FOV
volume.

3.4.3.2 Data Set Conversion

The measurements are converted to a common reference point in a Carte-
sian coordinate frame using the following formulae:

X X

ref xtraj -
yref = yt‘raj - yloc

Zref = Ztraj - Zloc

loc

Here, x,, V., and z,; are x, y, and z coordinates of target with respect
to common reference. The x,,., ¥, and z,,. are x, y, and z coordinates
of corresponding sensor location. The Xy, Y. and z, are x, y, and z
coordinates of measured target trajectory.
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3.4.3.3 Gating in Multisensor, Multitarget

For the measurement vector of dimension m, a distance d?, (normalized
distance) representing the norm of the residual vector is computed using

d2 = vTS§-1y (3.81)

Consider two tracks (y(k — 1), i =1, 2) at scan (k — 1). At scan k, as shown
in Figure 3.1, if four measurements z]-(k), j=1,2,3,4 are available, then the
track to measurement distance d;; (from ith track to jth measurement) for
each of the predicted tracks (y,(k — 1), i =1, 2) is computed. A DA between
the measurement and track is allowed if the distance 42 <G, where G is
the y? threshold. The %? threshold is obtained from the %2 tables, since the
validation region is ¥2 distributed with number of dof equal to the dimen-
sion of the measurement [38]. For the measurements falling within the
gate, the likelihood value computed using log(|2nS|)+d? is entered in the
correlation matrix. This matrix is called the track-to-measurement correlation
matrix (TMCR), formed with the measurements along the rows and tracks
along the columns. For the measurements falling outside the gate, a high
value is entered in the TMCR matrix as shown in Table 3.7 [40].

3.4.3.4 Measurement-to-Track Association

In NNKEF, a measurement nearest to the track is chosen for updating the
track. After the particular measurement-to-track association pair is cho-
sen, based on the correlation and DA matrix for updating track, both the
corresponding entries can be removed from this matrix and the next track
with the least association uncertainty can be processed. In Figure 3.1,
measurements z,(k) and z,(k) fall within the gate region of predicted track
11(k), the measurement z,(k) falls within the gate region of the predicted
track y,(k). The measurement z,(k) falls outside y,(k) and y,(k) gate regions.
This is verified in Table 3.7. The measurement z,(k) is now considered for
updating the track y,(k) because it is nearer than z,(k). In the PDAF, all the

TABLE 3.7

Tract-to-Measurement Correlation Values for Two Tracks (i =1, 2) and Four
Measurements (j =1, 2, 3, 4) at Scan k

Tracks
Measurements
Y1 Y2
z,(k) dy 1000 (or high number)
z,(k) 1000 (or high number) dy,
z5(k) dis 1000 (or high number)

z,(k) 1000 (or high number) 1000 (or high number)
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measurements that fall within the gate (formed around the extrapolated
track and their associated probabilities) are used for updating the track.
The measurements z,(k) and z,(k) are taken for updating track y,(k). The
measurement z,(k) is taken for updating the track y,(k), thus, continuing
the process until all the tracks have been considered. Measurements not
assigned to any track can be used to initiate a new track. A track score is
obtained for each track based on the association history. This score is used
in the decision to eliminate or confirm the tracks.

3.4.3.5 Initiation of Track and Extrapolation of Track

A new track can be initiated with a measurement that is not associated
with any of the existing tracks, and a track score is assigned to each new
track. A new track is initiated by position measurements (x, y, z) and the
related velocity vector. The initial score for a new track is determined
using

Bur

=—" 3.82
Bur + By 082

p

Here, By = expected number of true targets and B, = expected number
of false alarms (per unit surveillance volume per scan). z,(k) is used for
track initiation. If a track does not have any validated measurement, then
it is not updated, but existing tracks are extrapolated for processing at
next scan.

3.4.3.6 Extrapolation of Tracks into Next Sensor Field of View

The surviving tracks in the present sensor FOV are taken into next sen-
sor FOV [38]. This is so because it is assumed that in the MSMT scenario
all sensors are tracking all targets. The track score is propagated into the
next sensor FOV using the Markov chain transition matrix. Two models
are used, one for “observable target” (true track) designated as model O
and one for “unobservable target” (a target outside the sensor coverage
or erroneously hypothesized target) designated as model U [41]. For both
the models, the target measurements, with DP Pj, and the clutter are to
be considered. Py, = 0 for model U. The models O and U are given by a
Markov chain model with the transition probabilities [41,43]

P(M,|M,)=1-¢,, P(M,|M,)=¢,

_ _ (3.83)
P(M,|M,)=1-¢,, P(M,|M,)=¢,
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Here, M denotes the event that the model ‘x” is in effect during the cur-
rent sampling interval and M, is for the earlier interval. The exact values
of €, and €, can be chosen based on the problem scenario under study.

3.4.3.7 Extrapolation of Tracks into Next Scan

The valid and surviving tracks are extrapolated at the next scan using a
target model given as follows:
X(k+1) = FX(k)+Gw(k) (3.84)

Here, the target dynamic state transition matrix is given as

100 A 0 0
010 0 At 0
0010 0 A
0001 0 0
0000 1 0
000 0 0 1)

The state vector is given by X(k) =[x(k) y(k) z(k) x(k) y(k) z(k)]'. The
process noise w(k) is assumed to be a zero-mean white Gaussian noise
with covariance E[w(k)w(k)"] = Q(k). At is the sampling interval. The pro-
cess noise gain matrix is given as

[Ar22 0 0
0  AR2 0
| O 0 AR2
At 0 0
0 At 0
| 0 0 At |

The time propagation of the states and covariance matrices is performed
using the KF-prediction equation.

3.4.3.8 Track Management Process

A scoring threshold is used to eliminate false tracks, and is one of the
system design parameters. It can be adjusted based on the scenario
and required performance. Similar tracks are fused to avoid redundant
tracks. The direction of the tracks also has to be considered while merging
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similar tracks. An Np-scan approach is used [39]—the tracks that have the
last N}, observations in common are merged. Based on the value of Ny,
the approach would automatically take the velocity as well as acceleration
into account for merging similar tracks; for example, x(2) — —x(1) can be
regarded as velocity. A 3-scan approach is used by the MSMT program for
merging the tracks. Consider two tracks with the state-vector estimates
and the covariance matrices given at scan k

track i: X, (k/k), P(k/k) (3.85)
track j: X, (k/k), P.(k/k)

The merged or combined state vector is the usual state-vector fusion with
X, (k) = X, (k/k) + P.(k/k) P(k);? [X J(k/k) - Xi(k/k)] (3.86)

and the combined covariance matrix is given as

P, (k) = B (k/k) = By (k/k) P(K);! P, (k/K) (3.87)
P(k), = P,(k/k)+ P.(k/k) (3.88)

The program logic would finally generate information regarding the
surviving tracks and sensors to target lock status. The graphical display
module displays the true trajectory and measurements and also perfor-
mance measures such as true and false track detections, number of good
and false tracks, and good and false track probabilities. It also displays the
sensor and target lock status.

3.4.4 Numerical Simulation

The performance of the NNKF and PDAF is evaluated by computing: (1) the
PFE in x, y, and z positions; (2) 2’che RMSPE; (3) the RSSPE; (4) S-K track
association metric C; = “5(1 -%; (7o) C; =& %) (B+P)(}-%)) (the
metric Cij [42] can be viewed as the square of the [normalized] distance
between two Gaussian distributions with mean vectors %; and 5c]. and a
common covariance matrix P, + Pj); and (5) percentage root mean square
position error (RMSPE).

RMSPE = RMSPE *100 (3.89)

lix?+y}+zf
N 3

i=1
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Some of the performance metrics are defined in Chapter 4. The program
steps for DA and tracking and estimation discussed above are used to iden-
tify which of the sensors in the given scenario are tracking the same targets
using the scenario of nine sensors located at different points in space and
their related measurements. The results are shown in Figure 3.12 [40], Fig-
ure 3.12a shows the trajectories as seen from these nine sensors. The MSMT
program displays the target ID and the sensors which are tracking that par-
ticular target. Initially nine tracks survived before similar tracks were com-
bined using a predetermined distance threshold. After the merger, only
three tracks survived (they have been assigned three target ID numbers
T1, T2, and T3). The sensors, which track a particular target, are shown in
Table 3.8 [40]. It is clear that three sensors track one target. It is also clear
from Table 3.9 [40] that the performance of these two DA algorithms in the

5 *fy *fy Estimated trajectories
x-Sensor location 5 .
0 S5 il + Estimated
0 —True i
— - 5 True J
é -10 e
= < -10 Estimated 1
-15} =
—20} -15 \ |
_925 i i 3 y i fx 20 i *fx
-5 0 5 10 15 20 25 0 5 10 15 20 25
x (km) x (km)
(a) b)
12 T T T -
-+ NNKF Vi F
10 ~+-PDAF rs
8 el
= o
[ v
wv 7
z6 NNKF o
- v
4 3
# PDAF g
2 A ]
e
N VAR .
0 10 20 30 40 50
Data loss (s)
(c)
FIGURE 3.12

View of trajectories seen by respective sensors: (a) seemingly nine trajectories, (b) actually three
trajectories identified by the multisensor, multitarget program, (c) effect of data loss on the
performance of nearest neighborhood Kalman filter and probabilistic data association filter.
(From Naidu, V. P. S, G. Girija, and ]. R. Raol. 2005. | Inst Eng I 86:17-28. With permission.)
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presence of clutter for the given scenario is nearly the same. Comparison of
true tracks and estimated tracks using NNKF is shown in Figure 3.12b. The
track score, the innovations with bounds, and the y distance measure on
the x-axis data for target and track 1 (where there is data loss) and for target
and track 2 (where there is no data loss) are also computed. The track score
was zero during the measurement data loss, innovations were within the
theoretical bounds, and the 2 distance values at each scan were below the
threshold values obtained from the 2 tables. The S-K association metrics
for ith track and jth track from the same target were almost zero, which
means that the association was found to be feasible. Track loss is simu-
lated in data from sensors 1-3 during 100-150 s. The PFE and RMSPE for
data loss in track 1 are shown in Table 3.10 [40]. It is observed that the
PFE and RMSPE increase as the duration of data loss increases. It is also
seen from Figure 3.12c that the performance of PDAF is better than that of

TABLE 3.8

Sensor ID Numbers

Target Number (Sensor ID Number—ID)
T1 (S1, S2, S3)

T2 (S4, S5, S6)

T3 (57, S8, S9)

TABLE 3.9
PFE Metrics for Track Positions
Track No. NNKEF DA and Tracking PDAF DA and Tracking

PFE in x PFEiny PFE in x PFEiny
Track 1 0.060 0.056 0.08 0.075
Track 2 1.039 1.049 1.039 1.049
Track 3 0.052 0.028 0.053 0.029
TABLE 3.10
PFE and RMSPE (Data Loss in Track 1 and Distance in Meters)

NNKF PDAF
Data Loss PFE % RMSPE PFE % RMSPE
x Y X Y

0s 0.06 0.05 0.067 0.081 0.075 0.056
5s 1.32 14 1.37 0.083 0.078 0.059

20s 3.62 3.87 3.77 0.48 0.448 0.463
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NNKEF in the presence of data loss. The data loss for longer time might be
acceptable if PDAF is used. However, this depends on how much accuracy
is required in overall tracking. The results of DF of 3-sensors and 6-targets
(another test scenario) and associated performance aspects such as track
probability, good tracks [38,43], and so on were obtained using the same
MSMT program. Correct association and fusion of trajectories from differ-
ent sensors were also obtained, and more details are given in [40].

3.5 Interacting Multiple Model Algorithm for
Maneuvering Target Tracking

Target tracking is more difficult if the target in motion is also maneuver-
ing. KF has some ability to adapt to maneuvers by tuning the process noise
covariance (and perhaps to some extent measurement noise-covariance)
matrices, if the target is mildly maneuvering. The filter tuning could be
either manual or automatic. Manual tuning means that the KF has been
properly evaluated offline with postflight data already available. How-
ever, for any new scenario this might not be the case. In such situations,
trial and error method or automatic tuning has to be used. Thus, in a mul-
titarget tracking system, a KF can be used for relatively benign maneuvers
and an adequate noise reduction can be used for the periods when target
is not maneuvering. In most situations, an interacting multiple-model KF
(IMMKEF) has been found to perform better than a KF [50,51]. The IMMKF
uses a few target motion models (constant velocity, constant acceleration,
coordinate turn model, and so on). For example, the IMMKF may use one
model for a straight and level flight and different models for maneuvers or
turns. The IMMKF always maintains the repository of all the models and
blends their outputs with certain weighting coefficients that are computed
probabilistically as part of the algorithm. In addition to the state estimates
for each motion model, the IMMKEF maintains an estimate of the probabil-
ity with which the target is moving in accordance with each model.

3.5.1 Interacting Multiple Model Kalman Filter Algorithm

Thus, the IMMKEF uses (1) several possible models for the target’s motion,
and (2) a probabilistic switching mechanism between these models. It is
implemented with multiple parallel (not in the real sense of parallelism or
on parallel computers, however this is feasible and should be implemented
in this way for saving computational times) filters, where each of the filters
would correspond to one of the multiple models. Because of the switching
between different models, there is an exchange of some information
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between the filters. During each sampling period, it is likely that all the
filters of the IMMKE are in operation. The overall state estimate is a com-
bination of the state estimates from the individual filters. Let us consider
M,,.., M, as the r models of IMMKF and let M j(k) mean that the model
M;is in effect during the sampling period ending at frame k. During the
event M, (k+1), the state of the target evolves according to the following
equation

X(k+1)=FX(k)+w,(k) (3.90)
The measurement equation is given by
z(k+1)=H X(k+1)+v,(k+1) 391

The variables have the usual meanings. Figure 3.13 depicts the informa-
tion flow of one iteration-cycle of IMMKEF [52]. For simplicity, a two-model
IMMKEF is considered. The IMMKEF algorithm has four major steps [52,53].

i l

X, (k| k) X, (k| k)
B, (k| k) B, (k| k)

A(k| K
Interaction - Mixing M

Xy, (k| k) X, (k| k)
By, (k| K) By (k| K)
| """"""""""""""" -
Filter-1 Filter-2 ]
: M, (k+1) My(k+1) |
! | Prediction | | Prediction | ]
z,(k+1) . |
. A 4 v v ;
i | Update | | Update | | u(k|k)
.y
A (k+1 A(k+1 —
i il ) %l_ Updating
G N S S » of model I
J probability J
»| Estimates/State
combiner
v v ¢
R R R Wk +1]k+1)
X (k+1]k+1) X,(k+1] k+1) X(k+1|k+1)
P (k+1|k+1) P(k+1|k+1) Pk+1|k+1)

FIGURE 3.13

Interactive multiple models Kalman filter—one cycle of operation.
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3.5.1.1 Interaction and Mixing

For the event M.(k+1), the mixed estimate Xoj(k | k) and the covariance
matrix P, ].(k | k) are computed as

??o,(k|k>=§ui\,<k|k>>?,-<k|k>
By (k k)= iuﬂj(k | k){fz.(k | k)+[>2,,(k k)= X, (k| k)] (392

<[ R,(k k)~ X, (k| k)]’}

The mixing probabilities u;;(k | k) are given by

Hy; (k| k)= pit; (k| k) (393)

1
u(k+1[k)

Here, the predicted mode probability u(k +1[k) is computed by
W (k+11k) =3 pyh, (k| k) (3.94)
i=1

The mode switching process is done by Markov process and is specified
by the following mode transition probabilities

Py =Pr{M,(k+1)| M, (k)} (395)

Here, Pr{.} denotes the probability of an event, which means p; is the prob-
ability at which M, model at kth instant is switching over to M; model at
(k + 1)th instant. This is used to calculate the model probabilities for the
final output.

3.5.1.2 Kalman Filtering

The usual KF equations are used with appropriate target motion models
to update the mixed state estimates with current measurement as shown
in Figure 3.13. The innovation covariance is given by

S,=H.DP(k+1|k)HT+R, (3.96)
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The innovations sequence is given by
=z(k+1)-z,(k+1|k) (3.97)

The likelihood function for matched filter j is a Gaussian pdf of innova-
tion v, (k +1) with zero mean and covariance S.. It is used for updating the
probabilities of the various models. It is computed as

A exp{-0.5075 v } (3.98)

1
/ (211)05" [| Sjl

Here, n denotes the dimension of the innovation vector v.

3.5.1.3 Mode Probability Update

Once each model has been updated with measurement z(k + 1), the mode
probability pi (k+1|k+1) is updated using mode likelihood A and the
predicted mode probabilities u (k +1 | k) for M, (k+1)

u].(k+1|k+1):1u].(k+l|k)Aj (3.99)
C

Here, the normalization factor is
c=Y w(k+1[k)A, (3.100)
i=1

3.5.1.4 State Estimate and Covariance Combiner

The estimated states X . i (k+1|k+1)and covariance P (k+1|k+1) from each
filter are combined using the updated mode probability u;(k+1[k+1) to
produce overall state estimate X (k+1|k+1)and the assoc1ated covariance
P(k+1|k+1) as given below:

X(k+1lk+1)=Y p (k+1]k+1)X (k+1]k+1) (3.101)

j=1

Ple+11k+1)="Y p,(k+ 1] k+ P (k+1|k+1)+[X (k+1]k+1)

j=1

— X(k+1]k+DIX (k+1)-X(k+1[k+ D"} (3.102)
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3.5.2 Target Motion Models

The most common forms of target motion models are (1) 2-degree of free-
dom (DOF) kinematic models (constant velocity model), and (2) 3-DOF
kinematic model (constant acceleration model) [43,52,53].

3.5.2.1 Constant Velocity Model

The 2-DOF model with position and velocity components in each of the
three Cartesian coordinates x, y, and z has the following transition and
process noise gain matrices

., O 0 Gy 0 O
F,=| 0 @, O Goy=| 0 ¢, O (3.103)
0 0 @ 0 0 g
1T O T2/2
Here, ® ., =10 1 0| ¢, =| T
0 00 0

The variations in velocity are modeled as zero-mean white noise accel-
erations. Low noise variance Q_, is used with the model to represent the
constant course and speed of the target in a nonmaneuvering mode. The
process noise intensity in each coordinate is generally assumed to be small
and equal (G§ =0, =0 ), which accounts for air turbulence, slow turns, and

small linear acceleration. Although the 2-DOF model is primarily used to
track the nonmaneuvering mode of a target, use of higher level of process
noise variance will allow the model to track maneuvering targets as well, of
course to a limited extent. The model can be easily extended to more DOF.

3.5.2.2 Constant Acceleration Model

The 3-DOF model with position, velocity, and acceleration components in
each of the three Cartesian coordinates x, y, and z has the following transi-
tion and process noise gain matrices

®, 0 0 Cea 0 0
F,o=| 0 @, 0| Gu=|0 ¢ O (3.104)
0o 0 @, 0 0 ¢
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1 T T?/2 T3/6
Here, ., =(0 1 T Gea =| T?%/2
00 1 T

The acceleration increments over a sampling period are a discrete time
zero-mean white noise. A low value of process noise variance Q, (but rela-
tively higher than Q,) will yield nearly a constant acceleration motion. The
noise variances in each coordinate are assumed to be equal (Gf, =0, =02 )
Studies have shown that the use of higher process noise levels combined
with 3-DOF model can help track the onset and termination of a maneu-
ver to a certain extent.

3.5.3 Interacting Multiple Model Kalman Filter Implementation

The algorithm implemented in MATLAB consists of both IMMKF and
conventional KF. Two-model IMMKEF (one for nonmaneuver mode and
another for maneuver mode, i.e., r =2) is considered to describe the prin-
ciples and steps of IMMKEF algorithm. The observation matrix used is
given as

100 0O0O0O0OO0O
H=/0 001 00 O0O0O0
000O0O0OO0OT1TO0OTP

The initial mode probabilities i =[u, W,]" corresponding to nonmaneu-
ver and maneuver mode are taken as 0.9 and 0.1 respectively. p; is the
Markov chain transition matrix, which takes care of the switching from
mode 7 to mode j. This is a design parameter and can be chosen by the
user. The switching probabilities are generally known to depend upon
sojourn time. For example, consider the following Markov chain transi-
tion matrix between the two modes of the IMMKE [50]

[o9 o1
Pi=lo33 067

The basis for selecting p,, = 0.1 is that initially the target is likely to be in
nonmaneuvering mode and the probability to switch over to maneuver-
ing mode will be relatively low, whereas p,, is selected based on the num-
ber of sampling periods during which the target is expected to maneuver
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(target’s sojourn time). If the target maneuver lasts for three sampling
periods (t = 3), the probability P, is

1
Py, =1-—=0.67 (3.105)
T
The performance of the IMMKF with respect to conventional KFcv (KF
with only constant velocity model) and KFca (KF with only constant accel-
eration model) is evaluated by computing certain performance metrics, in
addition to the root sum variance in position

RSvarP =[P +P, +P, (3.106)

Here, P,, P, and P, are the diagonal elements in P corresponding to posi-
tions x, y, and z, similarly it can be used for other elements. Similar com-
putations are carried out for root sum variance in velocity (RSvarV) and
acceleration (RSvarA).

3.5.3.1 Validation with Simulated Data

The data for maneuvering target are simulated using 2-DOF and 3-DOF
models [53] with a sampling interval of 1 second for 500 seconds. The
simulation proceeds with the following parameters: (1) initial state
(x, xX,XY,9,9,2,2, z) of the target = (11097.6, —6.2, 0, 3425, 2999, 0, 40, 0, 0);
(2) a low-level process noise variance of Q; = 0.09 is considered for model 1;
(3) ahigher-level process noise variance of Q, =36 is considered for model 2;
(4) noise variances for both models in each coordinate are assumed to be
equal, that is, Q,, = Q,, = Q,,=Q; and (5) a measurement noise variance of
R =100 is considered, also assumed to be equal R,, =R, =R,, =R.

At scan 100, additional acceleration ¥ = 27.4m/s? is given in x direction to
simulate first maneuver and at scan 350, jj = —99.4 m/s? is given in y direc-
tion to simulate the second maneuver. The acceleration profiles in x- and
y-coordinates are shown in Figure 3.14 [53]. The target spends most of the
time in nonmaneuvering state. The first maneuver starts at scan 100 and
ends at scan 150 and the second maneuver starts at scan 350 and ends at
scan 400. KFcv uses a single constant velocity model with Q, = 0.09 and
R =100, whereas KFca uses a single constant acceleration model with
Q, =236 and R =100, and IMMKF with two-mode (constant velocity model
with Q, =0.09 and R = 100 for nonmaneuvering mode and constant acceler-
ation model with (, =36 and R =100 for maneuvering mode) filters to track
the target through both the modes. The Markov chain transition matrix is

[09 01
Pi=l0.05 095
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This choice is made, keeping the sojourn time (t=50) of the target in
view. Equation 3.105 is used to arrive at the p,, value in the above transi-
tion matrices. The enlarged view of a portion of the trajectories using
KFcv, KFca, and IMMKEF is shown in Figure 3.15 [53]. It is observed
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Maneuver mode probabilities.

that the track tracked by KFcv is away from the true track during
the maneuver. The tracks that are tracked by both KFca and IMMKF
are very close to the true track. The mode probabilities are shown in
Figure 3.16. There are two maneuvers in the trajectory with start and
end time of the maneuvers, that is, which model or the weighted combi-
nation of models is active at a given time. The RSVar from KFcv, KFca,
and IMMKF are shown in Figure 3.17. The RSvar in KFcv and KFca are
constant throughout the trajectory. Because of the high process noise
covariance, the RSVar is high in KFca than in KFcv, whereas it is high
during maneuver and low during nonmaneuver in case of IMMKE. This
information could be useful in track fusion and is one of the features of
IMMKE. This shows that maneuvers can detect using the IMMKE. The
RSSPE from KFcv, KFca, and IMMKEF are shown in Figure 3.18. It is very
high during the maneuver in case of KFcv, and low throughout the tra-
jectory in case of KFca. The mean in x-, y- and z-position errors and PFE
in x, y and z positions are shown in Table 3.11. These results are obtained
from 50 Monte Carlo simulations. From these results, it is observed that
the tracking performance is worst in the case of KFcv during maneuver.
The tracking performance of both KFca and IMMKEF are almost simi-
lar during maneuver. Overall the tracking performance of IMMKEF is
acceptable.
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The root sum squares of position error for KFcv, KFca, and interacting multiple model filters.
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TABLE 3.11

Performance Metrics for KFcv, KFca, and IMMKF

Filter PFEx PFEy PFEz RMSPE RMSVE RMSAE
KFcv 0.11 0.84 0.11 824.4 220.78 29.49
KFca ~0 ~0 ~0 2.75 9.15 7.72
IMMKEF ~0 ~0 ~0 2.78 6.88 5.83
——

3.6 Joint Probabilistic Data Association Filter

In target tracking applications and mobile robotics, the main requirement is
to track the targets and the positions of the humans, respectively [54]. For
the latter application in the robotics field, knowledge of the positions of the
humans and the vehicles or obstacles can greatly improve the behavior of
the robot or robotic system. This information will allow the robot to adapt its
motion variables in tune with the speed of the people in its vicinity. An accu-
rate determination of the position and velocity of the moving objects would
help a robot (1) improve its performance in map-building algorithms, and
(2) improve its collision avoidance. The problem of estimating the position
of multiple moving objects, targets, and humans has certain ramifications:
(1) the problem is more difficult than that of a single object, (2) the number
of objects being tracked must be estimated, (3) the ambiguities of the mea-
surements must be resolved, and (4) there might be more features than =
objects, and some features may not be distinguishable. Hence, the problem
in DA of assigning the observed features to the tracked objects needs to be
also handled (Section 3.4).

In this section, we will discuss the problem of tracking multiple objects
using the joint probabilistic DA filter (JPDAF) in the context of a mobile
robot [54]. The development is equally applicable to any moving objects.
The JPDAF computes a Bayesian estimate of the correspondence between
features (detected in the sensor data) and the various objects being tracked.
The basic filtering mechanism used in many JPDAF algorithms is that of
the KF. However, particle filters have recently found applications for esti-
mation of non-Gaussian and nonlinear dynamic systems. The main idea
in a particle filter is that the state is represented by sets of samples which
are called particles and the multimodal state (probability) densities can
then be represented in a more favorable manner so that the robustness
of the estimation process improves. When the particle filter is applied
to track multiple objects, then the combined state (space) is estimated.
The S-sample-based JPDAF (SJPDAF) utilizes particle filter and existing
approach to multiple-target tracking. Basically, the JPDAF is used to assign
the measurements to the individual moving objects and the particle filter
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is used for estimating the states of these objects, that is, to track the objects.
The probability distribution over the number of objects being tracked is
maintained.

3.6.1 General Version of a Joint Probabilistic Data Association Filter

To keep track of multiple moving targets, objects, and humans, we need to
estimate the joint probability distribution of the states of all the objects. We
need to know which object has generated what measurement. The JPDA
filtering algorithm is used for this purpose. Let there be N objects that
are being tracked. Let X(k)={x,(k),...,xy (k)} be the state vector of these
moving objects at time k. Let Y (k) ={y,(k),...,y,,(k)} denote a measure-
ment (at k). Here, y; (k) is one feature of such a measurement. Then Y* is the
sequence of all the measurements up to time instant k. The main aspect
for tracking multiple objects is to assign the measured features to the indi-
vidual objects. A joint association event 8 is defined, which is a set of pairs
(j, i) €10,...,m } x{1,..., N} In this case, each 6 determines which feature is
assigned to which object. Let© ; be the set of all joint association events
with feature j assigned to the object i. The JPDAF computes the posterior
probability in which feature j has occurred because of the object i

Bi= > PO|Y") (3.107)

6€0;
The probability P is given as [54]

Po]Yk) = P0| Y (k), Yk-1)
= JP(8]Y(k), YK=L, X ()| p (X (k) | Y (), YK1)dX(K) (3.108)
= [P(6] Y(k),X(k))p(X(k) | Y(k),Yk_l)dX(k)

From Equation 3.108, it is clear that we need to know the state of the mov-
ing objects for us to determine 6. In this implicit problem of the assign-
ments and the state, we also need to know 0 to determine the states of
the objects (e.g., positions). To resolve this issue we can use the incremen-
tal method, whereby p is approximated by the belief p(X(k)|Y*"). This
means that the predicted state of the objects is computed using all the
measurements before time instant k. With this assumption, we obtain the
following equation for P:

P@O|Y*) = [P(8]Y(k), X(K))p(X (k)| Y (K), Y*")dX (k)

(3.109)
=a j P(Y(k) |0, X (k))P(8] X(k))p(X (k)| Y*)dX (k)
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The second term in the integral sign corresponds to the probability of the
0 given the current states of the objects, whereas the first term is the prob-
ability of making an observation given the states and a specific assign-
ment between the observed features and the tracked objects. That a feature
may not be caused by any object must also be considered. Let y be the
probability of an observed feature being a false alarm. Then the number of
false alarms in the association 0 is (m, —|0|). Thus, the Y™ is the prob-
ability assigned to all false alarms in Y(k) given 6. With the features being
detected independently of each other, we obtain

P(Y(k)|8, X (k)= TT | p(zj(k)|xi(k))p(xi(k)|Y’H)dx,.(k) (3.110)

(j,i)ed

By using Equation 3.110 in Equation 3.109, we obtain the following
equation:

Bi= [y ] T [p(z,00)|x,(0)p(x.(k) [ Y*1)dx, (k) @111)

96@], (j,i)e0

Because of the large number of possible assignments, the problem will be
complex and hence only an event with substantial assignments should
be considered. This aspect is handled by gating and DA, as is done in the
case of NNKF and PDAF.

Next, the belief about the states of the individual objects must be updated.
In conventional JPDAF and in many such algorithms, the probability den-
sities are assumed to be described by their first and second order moments,
and then KF is used for state prediction and filtering (essentially updating
the underlying densities via the updating of the moments). In case of the
Bayesian filtering, this updating is given as

p(x, (k)| Y+ )= j p(x,(k) | x,(k=1),t)p(x,(k—1)| Y¥1)dx, (k- 1) (3112)

With the new measurements the state is updated as follows:

p(x,(0) [ Y5) = 0up(Z(k) | x,()) p (x,(k) | Y=1) (3.113)

Next, the single features are integrated with assignment probabilities

Ty

p(x,(0) | Y¥) = o) B p (2,00 x,(K)) p(x, (k) | Y*1) (3.114)

j=0

From the foregoing development it is clear that we need the models
p(x;(k)| X,(k—1),t) and p(z,(k) | x,(k)). We can see that these models depend
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on the moving objects being detected and the sensors used for tracking.
The update cycle of the JPDAF is as follows: (1) the states are x;(k) pre-
dicted based on the earlier obtained estimates and the available motion
model of the objects; (2) the association probabilities are computed; and
(3) the latter are used to incorporate the individual state estimates.

3.6.2 Particle Filter Sample-Based Joint Probabilistic
Data Association Filter

The main idea in particle filters is to represent the density p(x;(k)|Y*) by
a set S} of M weighted random samples (often called particles) sf,, (n =1,
..., M). The sample set constitutes a discrete approximation of a probability
distribution, and each sample is a (x; ,(k), ®, ,(k)) consisting of the states
and an importance factor. The prediction step is realized by pulling sam-
ples from the set computed from the preceding iteration and by evolving
(updating) their state based on the prediction model p(x,(k)|x,(k —1),t).
In the correction (measurement update) stage, a measurement Z(k) is inte-
grated into the samples obtained in the prediction stage. At this stage,
we have to consider assignment probabilities 3., which are obtained by
integrating over the states, weighted by the probabilities p(x,(k)|Y*1).
In the particle sample-based approach, this integration is replaced by the
summation over all samples generated after the prediction step [54]:

B, =3 |y ] ﬁz p(z, ()] x,,, () (3.115)

GEG)/.l (j,i)ed n=1

Once the assignment probabilities are determined, one can compute the
weights of the particles as

0,, (0= 03 B,p(z®)] x,, () (3.116)
j=0

In the foregoing developments o is a normalizing factor. Then M new
samples are obtained by bootstrapping the resampling process from the
current samples and selecting every sample with the probability ®, , (k).
The JPDAF algorithm presumes that the number of objects to be tracked is
known. This is not always true in practice. The solution to this problem for
JPDAF is given in [54]. The SJPDAF can include a recursive Bayesian filter
to deal with handling of varying number of moving objects. Because of the
use of the particle filter in the SJPDAF the arbitrary densities over the state
spaces of the individual objects can be represented. This would give more
accurate estimates in the prediction stage. This can also handle nonlinear
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systems. This will result in more robust performance and perhaps fewer
DA errors. The SJPDAF can also handle situations with a large amount of
clutter.

3.7 Out-of-Sequence Measurement Processing for Tracking

In many tracking situations, at times we get out-of-sequence measurements
(OOSMs), that is, the measurements arrive at the processing center later
than the time they were supposed to arrive. In a networked sensors archi-
tecture interconnected via complex communication network modules, the
measurements are received in out-of-time-order at the fusion node or cen-
ter. In a multisensor tracking system, the observations are sent to a fusion
center over communication networks, which can introduce random time
delays [55]. The conventional KF can be easily extended to multisensor
systems wherein the data arrive at known times and in correct time
sequence. The problem of time delay between the sensor and tracking
computer is defined as follows: When a measurement corresponding to
time, T, arrives at time ¢, after the states and covariance matrices in the KF
have been computed, then the problem of updating these estimates with
the delayed measurement arises.

3.7.1 Bayesian Approach to the Out-of-Sequence Measurement
Problem

Let x(t;) be the target state at time t;, Z(t) be the set of delayed measurements
at time 7, and Z* be the set of sensor measurement sequence received up to
time #.. Assume that all the measurements, Z¥, have been processed. Then
the information about the target state x(t;) is given by the probability den-
sity function (pdf) p(x(t,)| Z*). In the OOSM problem, the delayed data are
received at time #, but these data correspond to time 1 < t;. The solution to
this problem is to update p(x(t, ) | Z*) with Z() to obtain p(x(tk) | Zk,Z(T)).
Invoking Bayes rule, we get

p(2(0)] x(t,), Z2) p(x(t,)| Z¥)
p(2(v)2+)

p(x(t)|Z*, Z(v)) = (3.117)

Introducing the target state at time 7, x(7) finally [55] we have

p(x(t)IZ¥,2(1)= [ p(x(0), x(t,)| 24, Z(1))dx(x) (3.118)
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We see that the solution to OOSM problem needs the joint density
of the current target state and the target state related to the delayed
measurement.

3.7.2 Out-of-Sequence Measurement with Single Delay and No Clutter

An exact solution for the OOSM problem with single delay is the so-called
Y algorithm [55]. The Y algorithm considers the process noise between the
time of the delayed measurement and the current time and the correlation
of the current state with the delayed measurement z(7).

3.7.2.1 Y Algorithm

We assume that the measurement delay is less than one sampling period,
t_1 £ 1< t. Ajoint Gaussian random variable y(t,) is defined as

G AR o B
Here,
P, = E{(x(t,) - &(t, ) (x(t,) - %(t,,)7) | 24 } = By, (3.120)
P =E {(z(r) —3(0)) (2(1) - (1)) | 2* } =S, (3121)
P = E{(x(tk) ~i(t,))(z0-20) |2 } —pr (3122)

The solution to this problem requires the conditional density p(x(tk)|
z(1), Z* ), which is known to be Gaussian with mean [55]

R(tye ) = R(ty) + PP (2(1) - £(v)) (3.123)

Xz zz
and the associated covariance matrix

P(t,.,)=P,~ P PP (3.124)

Xz zz  ZX

Here, the backward predicted measurement is given as

y(r)= H Fy {JAC(thk) -Q,(DH] Sr_|1£ (Z(tk )— i(tk\k—] ))} (3.125)

where, H, is the measurement model matrix at time 1 and F; is the sys-
tem backward transition matrix from f, to t. The last term accounts for the
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effect of process noise with covariance Q, on the estimate &(tk‘k ). The cross
covariance P, is given by

P ={P,

Xz

P_\F

ke~ txa 