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Tracking uses models of the real environment to estimate the past and present and
even predict the future state of a moving object from noisy observations of uncertain
origin. In a tracking scenario the most critical problem is that of data-association. This
topic has received considerable attention in the literature and a number of solutions have
been proposed. This dissertation considers the problem of tracking highly maneuvering
target(s) using multiple sensors in the presence of clutter. A set of noble algorithms are
developed to handle this problem.

First, the basic interacting multiple model (IMM) approach has been combined
with probabilistic data association (PDA) to develop an IMMPDA (interacting multiple
model probabilistic data association) algorithm with simultaneous measurement update
(SMU) for tracking a maneuvering target in clutter with multiple sensors.

Second, we extend our noble SMU algorithm to a more practical tracking scenario,
that of tracking a maneuvering target with asynchronous (in-sequence but time delayed)

measurements. A state-augmented approach is developed to estimate the time delay



between a local sensor (assumed to be collocated and synchronized with a central pro-
cessor) and a remote sensor (assumed to be separately located and not synchronized
with a central processor).

Third, we address one of the most important issues for target tracking in a multisen-
sor fusion network: out-of-sequence measurements (OOSM). However, this dissertation
is not concerned with different sampling rate among sensors. Instead, we focus on a
suboptimal filtering algorithm dealing with possibly time delayed, out-of-sequence mea-
surements (OOSM) with a fixed relative time-delay (we assume that sampling rate are
all the same for all sensors) among sensor measurements. A state-augmented approach
is also developed to improve tracking performance with the possible presence of OOSM.
The filtering algorithm is developed by OOSM updating with IMMPDA for the target.

Finally, we consider tracking of multiple highly maneuvering targets using multiple
sensors with possibly unresolved measurement. When multiple targets move temporarily
in close formation, it possibly gives rise to a single detection due to the resolution limita-
tions of the sensor. Assuming that there are possibly unresolved measurements from at
least two targets (i.e., measurement association with more than two targets simultane-
ously), any measurement therefore is either associated with a target, a group of merged
targets, or caused by clutter. The filtering algorithm is developed by applying the basic
IMM approach and the joint probabilistic data association with merged measurements

(JPDAM) technique and coupled target state estimation.
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CHAPTER 1

INTRODUCTION

Target tracking is the estimation (the process of selecting the value of interest from
indirect, inaccurate and uncertain observations) of the states (position, velocity, acceler-
ation, etc.) of moving objects (plane, missile, submarine, etc.) both at the current time
(filtering) and at any point in the future (prediction) based on remote measurements
obtained from sensor(s). The objective of target tracking is to collect sensor data from
a field of view (FOV) containing potential target information and then to partition the
sensor data into sets of observations or tracks that are originated from the same sources.
Different types of sensors can be employed to obtain remote measurements. Active
sensors observe objects by illuminating them with an energy source and measuring the
reflected energy. On the other hand, passive sensors observe objects by measuring char-
acteristic emissions of the object. The sensors may be located at a fixed location or on
moving platforms. The system block diagram of target tracking and the corresponding
mathematical view of state estimation are shown in Fig. 1.1 and Fig. 1.2, respectively.
Note that, in Figs. 1.1 and 1.2, the measurements are the only variables to which the
estimator has access and are affected by the error sources in the form of measurement
noise [12].

Solution of the target tracking problem requires the simultaneous completion of
two tasks: estimation and data association. Estimation can be viewed as the process of
finding the best model parameters to describe the observed data. The process of assigning

observations to each target track is referred to as data association. There are many
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different approaches to both estimation and data association, and these are generally
the distinguishing features that give rise to different tracking algorithms. Details of
these tasks are discussed in Chapter 2. In this chapter we present an overview of general
target tracking problems, some specific issues of target tracking problem, and main

contributions of our works.

1.1 Overview of Target Tracking Problems

1.1.1 Data Association Techniques

Target tracking algorithms have continued to receive significant attention over the
past fifty years. The problem of target tracking dealing with noise corrupted measure-
ments has attracted significant attention since World War II. In 1955, Wax [1] formulated
the problem of track formation, track maintenance, and track rejection based on the prob-
lem of detecting the path of a particle in a bubble chamber, but this paper was written
before the adoption of Kalman filtering techniques for recursive target state estimation.
In 1960, Kalman published his famous paper [2] describing a recursive solution to the
discrete-data linear filtering problem. Since then, the Kalman filter has been the subject
of extensive research and application, particularly in the area of autonomous or assisted
navigation. It was recognized by Sittler [3] in 1964 that there can be an uncertainty
associated with the origin of the measurements in target tracking. This is called the
data association problem; a measurement may not have originated from the target of
interest.

In the early 70’s papers by Bar-Shalom [4, 5] and Singer [6, 7] began the develop-

ment of the modern tracking systems which combined the data association and Kalman



filtering theory. In 1975, the paper by Bar-Shalom and Tse [5] introduced a suboptimal,
computationally-bounded extension of the Kalman filter to cases where measurements
were not always available or multiple measurements were simultaneously returned from
the sensor. This extension was termed the probabilistic data association filter (PDAF).
The PDAF is a Bayesian technique that incorporates clusters of measurements that could
have originated from a single target into an updated state estimate for the target. It led
to fewer lost tracks in the presence of clutter when compared to the nearest neighbor
(NN) technique of data association where only the closest measurement to the predicted
measurement was considered to have originated from the target and used to update the
state estimate of the target [5]. Two years later from [5], the multiple hypothesis testing
(MHT) technique was introduced by Reid [8, 9]. This approach splits an existing track
into multiple tracks when more than one measurement is available for the target. How-
ever, in this dissertation we are not concerned with the MHT technique, but instead we
focus on the PDAF technique because it has been recognized as one of the best subopti-
mal data association approaches in terms of combined accuracy and computational cost
[27]. The theory behind the PDAF is discussed in Chapter 2.

In the early 1980’s, as an extension of PDAF, the joint probabilistic data association
filter (JPDAF) was introduced by Fortmann et al. [10] to deal with the multiple target
tracking situation. The JPDAF is identical to the PDAF except for the extra computa-
tion of the association probabilities for all observations and all tracks. The JPDAF was
fairly successful in simulations at tracking multiple targets travelling in close proximity.
However, when two targets are “closely” spaced, they may give rise to a single detection

due to the resolution limitations of the sensor. For instance, in radar ranging, returns



from multiple targets could fall in the same range cell, resulting in one unresolved de-
tection only. This violates a principal assumption of the JPDAF: a measurement can
originate from at most one target. Standard tracking algorithms that ignore such a phe-
nomenon can lead to poor performance in multiple target tracking. As a consequence
of the study of this problem, Chang and Bar-Shalom [11] introduced the joint proba-
bilistic data association with merged measurements (JPDAM) technique in 1984. Under
the Bayesian framework, there are two basic methods of track estimation with merged
measurements in multiple target environments [12]: JPDAM and MHT. The MHT fil-
ter associates feasible measurements to track and forms multiple hypotheses for track
extension. It is a measurement-oriented approach whereas JPDAM is a target-oriented
approach. Moreover, MHT is a multiscan approach utilizing several scans of measure-
ments to make data association decisions. MHT makes hard decisions where highly
improbable hypotheses are pruned to reduce the computational burden. On the other
hand, the JPDAM filter is a single scan approach which does not make hard decisions;
rather it updates a track with a weighed sum of the measurements which could have
originated from the target in track. The basic theory and simulation of the JPDAM are
developed in Chapter 6. Looking ahead in this dissertation, the JPDAM technique has
better performance than JPDAF especially in terms of the track estimation accuracy
and the loss of tracks when two targets are “closely” spaced and may give rise to a single

detection.

1.1.2 Estimation Algorithms

Optimal techniques, such as the Kalman filter, provide accurate results during cer-

tain motions but also cause large errors during target motions which are not modeled in



the Kalman filter. Moreover, the discrete-time Kalman filter requires sensor measure-
ments at every time step, which is not always possible in target tracking scenario. After
the data association problem had been first addressed by the PDAF, several multiple
model tracking methods appeared in the early 1980’s. The idea behind a multiple-model
approach versus a traditional adaptive filter such as the Kalman filter was that traditional
techniques would respond too slowly in abruptly changing environments [12, 13]. Opti-
mal multiple model techniques were replaced by suboptimal techniques as memory re-
quirements and computational time grew exponentially for the optimal approaches. The
suboptimal estimation techniques introduced included the generalized pseudo-Bayesian
(GPBL1), second-order generalized pseudo-Bayesian (GPB2), detection-estimation algo-
rithm (DEA), random sampling algorithm (RSA), and the interacting multiple model
(IMM). The differences in these estimation approaches were how and when the multiple
models were combined (also known as hypothesis pruning).

The GPB1 and GPB2 algorithms were introduced to combine the history of target
models by Ackerson and Fu [14] in 1970. In the GPB methods, the hypothesis pruning
was performed after the filtering step. The GPB2 differed from the GPB1 by including
knowledge of the previous possible mode transitions, as modeled by a Markov chain. In
the late 1970’s, both DEA and RSA approaches were proposed for the switching environ-
ment problem and well detailed in [15] and [16], respectively. Tugnait [17] provided good
overviews where suboptimal hypothesis pruning techniques, including the GPB, DEA,
and RSA methods, are compared. These pruning techniques involved approximating
sums of Gaussian distributions by a single Gaussian distribution, but were presented

before the widespread adoption of IMM techniques.



The IMM algorithm was introduced by Blom [18] in 1984. He and Bar-Shalom
[19, 20] further developed the idea of IMM in a couple of papers in the late 1980’s.
Differing from the GPB techniques, the hypothesis pruning was performed before each
filtering step after information was shared among the various filters. Thus, like the GPB2
method, the IMM considers the previous possible mode transitions, but unlike the GPB2
method, the IMM requires not n? but n filters, where n is the number of models being
considered. It was shown in [19] that the GPB2 and IMM produced slightly smaller
tracking errors than the GPB1 during non-maneuvering target motion, but achieved
significantly smaller tracking errors during maneuvering motion. In view of the fact that
the IMM is conceptually similar to the GPB2 but its computational load is similar to that
of the GPB1 [19], the IMM is superior to both the GPB1 and GPB2 when considering
computational complexity and tracking accuracy. The basic theory behind the IMM is

discussed in Sec. 2.2.

1.1.3 Combination of IMM and PDA

In the process of tracking a maneuvering target, for cases when measurements are
not always available for the Kalman filter, or multiple measurements for a target exist,
Houles and Bar-Shalom [21] introduced the combination of the IMM and the PDAF in
the late 1980’s. In [21] the IMM algorithm is combined with the PDA filter in a multiple
sensor scenario to propose a combined IMM/MSPDAF (interacting multiple model/
multisensor probabilistic data association filter) algorithm. This algorithm considers an
estimation of the target state at present time k given measurements up to time k (on

state filtering). This combination is detailed in [21].



In [10, 22] multiple targets in clutter (but without using switching multiple mod-
els) have been considered using JPDA filter which, unlike the PDA filter, accounts for
the interference from other targets. Most recently, various versions of IMM/JPDA fil-
ters for multiple target tracking using switching multiple models have been presented
in [23, 24, 25, 26]. While [24, 26] present uncoupled filters (i.e., assumes that different
target states are mutually independent conditioned on the past measurements), [23, 25]
present coupled filters (i.e., assume that there exists “shared” measurements, yielding
cross-covariances which reflect the correlation between the targets’ state estimation er-
rors). In addition, while Blom and Bloem [23] presented an “exact” JPDA coupled filter
for non-switching models using the framework of a linear descriptor system, for switch-
ing models, they also presented IMM/JPDA uncoupled filter approximations [24]. In
[25], Tugnait presented an IMM/JPDA coupled filtering algorithm where a simulation
example resulted in fewer target swapping compared with uncoupled IMM/JPDA. As
noted in [27], IMMPDA filter is in general superior to IMM/MHT filter when the asso-
ciated computational cost and performance are considered. Therefore, our emphasis will
be on IMM/JPDA techniques. Neither [11] nor [28] consider multiple switching kine-
matic models for maneuvering targets; rather they are limited to single (non-switching)
kinematic models per target to achieve much enhanced performance.

When two targets are “closely” spaced, they may give rise to a single detection due
to the resolution limitations of the sensor. For instance, in radar ranging, returns from
multiple targets could fall in the same range cell, resulting in one unresolved detection
only [11, 28]. Standard tracking algorithms that ignore such a phenomenon can lead
to poor performance in multiple target tracking [11, 28]. Despite its importance, prior

work on tracking with unresolved measurements and modeling of resolution capability of



a sensor in particular is sparse. Prior work includes [11] and [28] and references therein.
In [11] the resolution phenomena related to tracking have been treated on the basis of
a grid of resolution cells “frozen” in space. In [28] the resolution capability of the event
that two targets are unresolved is conditioned on the relative distance between the two
targets in terms of the measured variables (range, azimuth, etc.). A simple Gaussian
shape is assumed which captures the sensor behavior in a mathematically tractable way.
While [11] considers JPDA for data association, [28] exploits MHT.

In Chapter 6, we propose to use sensor resolution modeling of [28] in conjunction
with JPDAM coupled filtering and IMM approach (see [25] for tracking with resolved

measurements scenario).

1.2 The Main Issues of Target Tracking Problem

The main issues of target tracking problem discussed in this dissertation can be

summarized as follows.

1.2.1 Tracking a Maneuvering Target

Traditional target tracking assumes that the states of the target of interest satisfy
a certain kinematic model. However target model uncertainty typically exists because
generally the target of interest is not a cooperating target in that it does not follow a
predefined trajectory [27]. Basically the uncertainty in the model can be modeled by
additive noise which compensates for the modeling inaccuracy. This approach works

fairly well when the target kinematics can be closely approximated by a single model.



Therefore, if a certain model truly describes the kinematics of the target, a Kalman
filter gives the optimal solution for tracking in the sense of minimizing the mean-square
error in state estimation. The optimal Kalman filter yields large errors when the target
is moving with nearly-constant speed and the noise variance is very high. However, in
some cases, a target can maneuver and can exhibit different kinematic characteristics
from time to time. For example, a military aircraft can perform many kinds of abrupt
maneuvers. In that case, a single model cannot describe completely the behavior of the
target, and the estimates based on a single model often lead to poor performance of the
state estimates or loss of track.

The idea of using multiple models for describing the different motion phases of the
target comes from the above impracticality of the filter. For instance, if a constant
velocity model is used to describe the behavior of the target all the time, the selection
of additive noise variance which models the uncertainty in the model is difficult. If the
variance of the noise is small and the target undergoes rapid acceleration or sharp turn,
this model suffers the loss of track of the target because the small noise variance can not
cover properly those maneuvers. On the other hand, if the variance of the noise is large,
it would be able to track those maneuvers but estimation accuracy would be degraded.

The interacting multiple model (IMM) estimator has become well accepted in the

literature [12, 22, 29, 30, 33] as the best approach for tracking a maneuvering target.

1.2.2 Tracking a Target in Presence of Clutter

In target tracking, there exist various kind of “undesired” measurements (clutter)

obtained from the sensor which are not generated from the actual target of interest.
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This clutter (e.g., interfering radar echoes caused by objects such as clouds, sea waves,
etc.) can degrade the tracking accuracy severely. Ideally, this measurement uncertainty
can be described by a random model. However, in practice, there exists clutter that is
persistent or somewhere between random and persistent [12]. We will only consider ran-
dom clutter in the sequel. In the worst case, there exists no true measurement detected
by the sensor, and only clutter may be present as measurement data. This cluttered
environment complicates the target tracking problem by introducing uncertainty in the
measurement origin. As a consequence of this measurement uncertainty, errors can be
made in association of measurements to existing tracks. Hence one has to consider data
association techniques to determine whether the true measurement originated from the
target (Does a given measurement come from the target of interest, or is it a clutter or
interference from the nearby target?).

The simplest way to deal with multiple measurements is to use NN (nearest neigh-
bor) filters which, at any given moment, use the NN measurement as if it were the mea-
surement coming from the target of interest. Thus it discards all other measurements for
the final state estimation of the target of interest. But sometimes NN measurement may
not originate from the target of interest and could be clutter. This happens when clutter
density is high. So it is not a robust approach, as it often leads to loss of track [12]. The
other way to deal with multiple measurements is to associate each measurement with a
weight according to the probability that a given measurement could have originated from
the target of interest. This is a Bayesian approach. More specifically, a validation region
(hypersphere) centered at the predicted measurement (based on previous state estimate)
is established. A validation process of all the measurements in the current scan is carried

out. Only those measurements falling within the validation region are considered so that
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this process eliminates highly improbable measurements. The validation process needs
an appropriate model to describe the clutter. Once the clutter model is established, a
data association process can be developed accordingly. An effective data association ap-
proach in a Bayesian framework is that of probabilistic data association (PDA) [22, 33]

which is discussed in Sec. 2.3.

1.2.3 Tracking a Target using Multiple Sensors

The objective of using multiple sensors for target tracking is to improve the accuracy
of tracking (i.e., infrared sensors only measures the direction of arrival, hence radar can
be used together to measure the distance of the target, or at least two infrared sensors
at different locations can be used to obtain the position of a target). In this dissertation,

we restrict our attention to radar and infrared sensors.

e Radar Sensors
Radar (radio detection and ranging) sensor is mostly used as an active sensor since
it initiates the energy and detects the target reflections. It is well known that
radar’s all-weather performance and excellent kinematic measurement capabilities
allow it to play a dominant role in any multisensor tracking system. This active
nature of the radar is the primary factor that makes it such an effective sensor.
Since the source of the energy is the radar itself, the nature of the returned target
signal is at least partially under control of the radar operator. The range res-
olution and aperture size of the radar is primarily determined by the frequency
band used by the radar. It is also possible to use the sensor in a passive mode,

searching for targets emitting radar signals which is often referred as radar warning

12



receivers (RWR). The measurement model for a 2-D radar sensor considered in this

dissertation is

where x is the system state, z is the (true) measurement vector, w is the measure-
ment noise, R is the range, and 6 is the azimuth angle. A common model for the

measurement noise is to assume an additive white Gaussian noise model.

Infrared Sensors

The passive nature of the infrared (IR) sensors leads to distinct advantages and
disadvantages. The excellent measurement accuracy of the IR sensors makes them
an important element of any multiple sensor tracking system. Emphasis in military
applications on reduced target signatures places new emphasis on the development
of IR system in mainly two ways. First, use of active sensors must be minimized
since the use of active sensors potentially uncovers one’s existence (e.g., the en-
emy can easily detect radar tracking by using RWR). Second, the enemy’s efforts
at reduced RCS (radar cross section) signature and advanced ECM (electronic
countermeasures) increase the need to exploit other target signatures such as its
infrared emissions. In addition, the use of IR sensors enhances resolution capability
for closely spaced targets, accurate angle measurements, and resistance to ECM.

The measurement model for this sensor considered in this dissertation is
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where 0 is the azimuth angle and ¢ is the elevation angle.

Unlike single sensor case, multiple sensors introduce the problems of temporal and
spatial characteristics of the measurement data. Sensors may not always be located
at the same place. Hence measurements available at the sensors could be at different
time instants. So sensors may be either synchronous (ideal case), which means that
the sampling times of all sensors are the same and there is no delay (timing mismatch)
among sensors, or asynchronous, which means that the sampling times may vary or
there is delay (timing mismatch) from each other. This gives rise to architectural issues
of the sensor network, and one may carry out the estimation process in a centralized
way (estimation at one central node, called the master node) or in a decentralized way
(estimation at each sensor locally and then obtain global estimate by track fusion) [27].

If sensors are distant from each other, then there could be delay in the estimation
due to data transmission time and channel bandwidth issues. So one has to deal with
synchronous as well as asynchronous measurement data to obtain the estimate. Usually
if synchronous measurement data is available from all the sensors then either ‘parallel
updating’ (updating state by processing data from all the sensors simultaneously at the
same time) or ‘sequential updating’ (updating state based on the available measurement
data from that particular sensor) can be carried out. In [34], it has been shown that
those two schemes are equivalent (for linear models) if provided sensors are synchronized
and measurement noise across the sensors are uncorrelated (a realistic assumption).
But parallel updating is computationally more expensive than sequential updating. On
the other hand, if the sensors are not synchronized, then one has to deal with possible

OOSM (out of sequence measurements). This asynchronous measurements case has been
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considered in [12, 35, 36, 37] and a noble state-augmented algorithm to deal with OOSM

is presented in Chapter 5.

1.2.4 Tracking Multiple Targets

The presence of multiple targets in the detection range of sensors (also called the
scope) makes the target tracking very complicated by introducing the additional uncer-
tainty in the origin of the measurement. One has to solve the data association problem
to determine whether the available measurement is generated from one of the targets
present in the scope and from which target it originated. Data association in a multiple
target scenario is carried out by considering all the targets simultaneously.

Since each target can constitute a “persistent” interference to other targets, it is
a great challenge to track multiple targets moving close to each other. The merged
measurement case arise when two (or more) targets are so “close” that the sensor detects
them as one target due to a lack of resolution (see Fig. 1.3). The objective of the
multitarget tracking is to partition the sensor data into sets of observations, or tracks,
produced by the same source (target). Once tracks are formed and confirmed, the
task is to maintain each track. All of the above target tracking issues have already
been studied by numerous researchers and, as a consequence, many effective solutions
have been provided for these problems. However, more effective and cheap algorithms
are still required to improve the estimation accuracy and to reduce the computational
cost. Compared to single target tracking, multitarget tracking is a very complicated
and computationally intensive process. When there are n targets in the detection range

(scope) of the sensors, the measurement origin uncertainty problem is the worst one as the
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Figure 1.3: An example of origin uncertainties and validation regions: Z ,1 and Z,% are pre-
dicted measurements from target 1 and target 2 at time k, respectively. The parameters
of the ellipses are determined by the covariance matrices of Z ,i and Z ,3 Measurement Z ,i
originates from target 1 or clutter. Z g’ originates from target 2 or clutter. Z,% originates
from target 1 or target 2 or both (in case of merged measurement) or clutter.

number of combinations of association of measurement and target increases dramatically.
An objective of our research is to develop advanced signal processing algorithms for
multiple target tracking by exploiting filtering theory and data association techniques.

There are mainly two approaches to deal with the merged measurement problem.

e Multiple hypothesis tracker (MHT)
No prior knowledge is needed about the number of targets. One has to consider
simultaneously all the targets and also consider simultaneously all the scans of
measurements. The main theme of MHT is that it evaluates the probabilities that

there is a target from which a sequence of measurements have originated. It is
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called a measurement-oriented approach. The more complex MHT provides im-
proved performance, but it is difficult to implement and in cluttered environments
a large number of hypotheses may have to be maintained, which requires extensive

computational resources.

Joint probabilistic data association(JPDA)

The JPDA techniques are based on PDA (probabilistic data association), which
uses a weighted average of all the measurements falling inside a track’s validation
region (i.e., gating) at the current time to update the track state. In this approach,
it is assumed that the number of targets is known already. The tracks of these
targets have already been formed. The task is to evaluate the measurement-to-
target association probabilities for the latest set of measurements and then obtain
the state estimates by combining those measurements. It is called a target-oriented
approach. These techniques give much better performance than the simpler data
association techniques (i.e., NN filter) and requires less computational resources

than MHT approach.

JPDA with merged measurements (JPDAM)

When multiple targets are close enough in the measurement range, they will give
merged (unresolved) measurement due to the resolution limitation of sensor. Since
the JPDA algorithm can track targets with measurements originating from one of
the targets in track or clutter, additional data association for the merged measure-

ments needs to be done in JPDA technique. To deal with the possibility that a
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measurement originated from more than one target, JPDAM can be applied. JP-
DAM uses a probabilistic model and corresponding data association for the merged

measurements.

1.3 Contributions

Our contributions in this dissertation are:
IMMPDA simultaneous measurement update for a maneuvering target track-

ing using multiple sensors

We present a noble suboptimal filtering algorithm for tracking a highly maneuver-
ing target in a cluttered environment using multiple sensors. The filtering algorithm is
developed by applying the basic IMM approach and the PDA technique to a two sensor
(radar and infrared) problem for state estimation for the target. A simultaneous mea-
surement update approach is followed where the raw sensor measurements are passed
to a fusion node and fed directly to the target tracker. A multisensor (MS) PDA is
developed for parallel sensor processing for target tracking under clutter. The algorithm
is illustrated via a highly maneuvering target tracking simulation example where two
sensors, a radar and an infrared sensor, are used. Compared with an existing IMMPDA
filtering algorithm with sequential sensor processing, the proposed algorithm achieves

significant improvement in the accuracy of track estimation.

IMMPDA simultaneous measurement update for a maneuvering target track-

ing with delayed but in-sequence measurements

We extend IMMPDA simultaneous measurement update algorithm to possibly asyn-

chronous (in-sequence but time delayed) measurements. A state augmented approach is
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developed to estimate the time delay between local and remote sensors. A multisensor
probabilistic data association filter (PDAF) is developed for parallel sensor processing for
target tracking under clutter. Compared with an existing IMMPDA filtering algorithm
with the assumption of synchronous measurements sensor processing, the proposed algo-
rithm achieves considerable improvement (especially in the case of larger delays) in the

accuracy of track estimation.

IMMPDA simultaneous measurement update with possibly out-of-sequence

measurements

We propose a suboptimal filtering algorithm dealing with possibly time delayed,
out-of-sequence measurements (OOSM) with a fixed relative time-delay among sensor
measurements. The filtering algorithm is developed by applying the basic IMM approach,
the PDA technique, and OOSM updating for the target. A state augmented approach is
developed to improve tracking performance with the presence of OOSM. A multisensor
PDA filter is developed for parallel sensor processing for target tracking under clutter.
The algorithm is illustrated via a highly maneuvering target tracking simulation example
where two sensors, a radar and an infrared sensor, are used. Compared with an exist-
ing IMMPDA filtering algorithm with in-sequence only sensor processing, the proposed

algorithm achieves considerable improvement in the accuracy of track estimation.

Multitarget tracking with possibly merged measurements

We propose a noble suboptimal filtering algorithm for tracking multiple maneuvering
targets in a cluttered environment using multiple sensors. This algorithm is an extension

of IMM/JPDA filtering algorithm [25] to deal with possibly merged measurements. We
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concentrate on the case of two targets which temporarily move in close formation. The
filtering algorithm is developed by applying the basic IMM approach and the joint prob-
abilistic data association with merged measurements (JPDAM) technique and coupled
target state estimation to a Markovian switching system. The algorithm is illustrated
via a simulation example involving tracking of two highly maneuvering, at times closely
spaced, targets with possibly unresolved measurements. Compared with an existing
IMM/JPDA filtering algorithm developed without allowing for merged measurements
[25], the proposed algorithm achieves significant improvement in the accuracy of track

estimation during target merging period.

1.4 Organization of the Dissertation

The remainder of this dissertation is organized as follows:

In Chapter 2, we elaborate on some basic target tracking algorithms, mainly the
Kalman filter, IMM filter, and PDA filter. Theory associated with those algorithms
serves as the foundation for our contributions. Chapter 3 presents a noble suboptimal fil-
tering algorithm for tracking a highly maneuvering target in a cluttered environment us-
ing multiple sensors. We develop a noble algorithm “simultaneous measurement update
using IMMPDA filtering”. The proposed algorithm provides significant improvement
over an existing standard IMMPDA filtering algorithm with sequential sensor processing
especially tracking a maneuvering target. In Chapter 4, we extend the proposed filtering
algorithm to the asynchronous measurement case. Compared with an existing IMM-
PDA filtering algorithm with the assumption of synchronous (no delay) measurements

sensor processing, the proposed algorithm achieves considerable improvement (especially

20



in the case of larger delays) in the accuracy of track estimation. A suboptimal filtering
algorithm dealing with possibly time delayed, out-of-sequence measurements (OOSM)
with a fixed relative time-delay among sensor measurements is presented in Chapter 5.
In Chapter 6, we focus on multitarget tracking problem with possibly merged measure-
ments. The simulation example shows significant improvement in the position estimate
compared to the multisensor tracking by IMM/JPDA coupled filtering algorithm of [25].

Finally, Chapter 7 presents the future work that we would like to continue in the area.
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CHAPTER 2

Basic TARGET TRACKING ALGORITHMS

In this chapter we review some basic algorithms. We divide the problem of track-
ing into state estimation and data association. We briefly describe some existing state
estimation algorithms: Kalman filter, extended Kalman filter, and interacting multiple
model (IMM) algorithms. For data association, the probabilistic data association filter
(PDAF) is briefly described in this chapter. This is background work and is quite useful

in later chapters where we discuss our contributions.

2.1 Kalman Filter

Kalman filter theory is fundamental for the development of target tracking algo-
rithms. Given a collection of sensor measurements, it is often possible to determine
several optimal state estimates based on different optimality conditions which can be
stated in terms of the probability density function (pdf) of the states given the obser-
vation. Hence, the problem of state estimation can be formulated by calculating the
probability density of the state. Under general conditions, it is not possible to obtain
a closed-form solution to the problem of state estimation. However, when the system
is linear and the random variables are assumed to be Gaussian, a closed-form solution
can be obtained. Under this conditions, the optimal estimator is the Kalman filter and
it is usually specified as a finite length algorithm based on a recursion of the mean and
covariance of the state. It can be applied to both continuous and discrete linear sys-

tems. The target of interest, which is being tracked, is continuous by nature, but the
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processor, which runs the tracking algorithm, is discrete. The original Kalman filter [2]
was defined in continuous-time, but a discrete version also derived after [2]. Since the
discrete Kalman filter is only used in this dissertation, we briefly describe the steps for

implementing a Kalman filter in discrete time domain.

2.1.1 Discrete-Time Kalman Filter

Consider a discrete time linear dynamic system with additive white Gaussian noise
that models the disturbances. The discrete time index is denoted by k. A general

time-varying state space model for the Kalman filter is

Trr1 = Frar + Grug + vg (2.1)

where
x), = the state vector of dimension n, at time k
F. = n, X n, transition matrix
G = ny X ny input distribution matrix
up = a known input vector of dimension n,,
v, = the random process noise vector of dimension n,.

It is assumed that vy is the sequence of zero-mean white Gaussian process noise with

covariance

E{vjvp} = Qji = Qdjp, (2.2)
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where E{.} denotes the expectation, " denotes the transpose operation and d;; is the

Dirac delta function. The statistical model of the measurement is described by

2z = Hpxp + wi (23)

where z is the m,-dimensional measurement vector, Hj is the m, X n, observation

matrix, and wy is zero mean white Gaussian measurement noise with covariance

E{wjwy} = Rjx = Roj. (2.4)

Since a complete knowledge of the statistical model constitutes the knowledge of Fj, G,
Qpr, Hy, and Ry, these system matrices are assumed known and can be time varying. The
initial condition of the state zq is a random variable with known mean Zy and covariance
Py. Process noise v, measurement noise wy, and initial state xy are assumed to be
mutually independent. Define Z; (:= E{xt|Z7}) as an estimate of the state vector
based upon the knowledge of the measurements up to time j where Z7 := {z1, 29, -, 2;}.
Specially, k£ > j denotes a predicted estimate, k < j denotes a smoothed estimate, and
k = j denotes a filtered estimate. The goal is to estimate the state x; based on all the
available measurements up to time k. If the mean square error is chosen as the cost
criterion, then Kalman [2] has shown that the estimate of the state xj minimizing its
cost is

By = E{ai] 27} (2.5)

where

Zk = {Zl,ZQ,--~,Zk} (2'6)
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is the measurement sequence up to the current time k. The uncertainty in the estimate
is indicated by the state covariance, which is computed as covariance of the estimation
error

Py, = E{[zr — Syl [z — 2l 127} (2.7)

Note from (2.5) that, under the Gaussian assumption for the initial state and all the
noise signals entering the system, the Kalman filter is the optimal MMSE (minimum

mean-square error) state estimator:

FMMSE arg min £ {(ick —ap)T (@1 — ) \Zk} . (2.8)
Tk

The solution to this problem is obtained by differentiating the expected value with respect

to the estimate Zy:

o2 | B {(@n —o)" (@r — 20) | 2* }]

5% {ffooo (@ — 2k)" (B — 20) p (xk]Zk> d:ck} (2.9)

=2 %, (#k — ) p ($k|Zk> dzxy.

From the last line of Eqn. (2.9), it can be derived as

= 0. (2.10)

:%kMJ\/ISE

/oo (T, —x)p (xk|Zk> dxy,

—00

Gp=

Thus the MMSE-estimate can be obtained as (from the fact that [°°_ p(xg|Z*%)dz), = 0)
oo

FMSE — / wip 2kl 2*) dag = B {2} (2.11)
—00
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which is equal to the Kalman filter equation of (2.5). The derivation of the Kalman
filter can be found in [39, 40, 41]. Since the Kalman filter updates the state whenever a
measurement arrives and is a recursive algorithm, we only list one cycle of the Kalman
filter in this dissertation. Assume that, at time k, the following are available: the state
estimate 23,_1),_; and the associated error covariance Pj_1j;_1. Now when measurement

zp is available at time k, the estimate update at time k is obtained as follows.

Prediction

The state estimates and its covariance estimates are first predicted from time k£ — 1

to time k. The state prediction is

Tpp—1 = E{xp|Z¥ 1} = Fe1Zp_qjg—1 + Gr—1ug—1. (2.12)

The state prediction covariance is

Pyp—1 = E{lvk — Tpp—]lzr — 53k|k—1]l|Zk71}

= Fp1Poap1Fr + Qr-1. (2.13)
The measurement prediction is

2k|k—1 = E{Zk|Zk_1} = Hk'%k\k—l' (214)
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Update

When the measurement at time k is obtained, the measurement residual or innova-
tion is first computed as

V i= 2 — 2k|k71- (2.15)

This measurement residual is a Gaussian random variable with zero mean and covariance

Sy == E{vyp| ZF 1) = Hy, Pyjp—1 Hy, + Ry (2.16)

The state estimate is updated as

Tk = Tpjh—1 + Wik (2.17)

where W, is the filter gain defined as

Wi := Pyp—1 HpSy (2.18)

Finally, the covariance of updated state estimate can be obtained as

Poi = Bflor — &xpllzr — 312"} = Pap—1 — Prp—1 HiSy ' Hi Prji—

= [ -WiHPy 1 = Pypr— WiSiW,. (2.19)

That is, one may notice from (2.19) that the predicted covariance described in (2.13) is
now reduced because the new information brought to the system allows a more accurate

estimate. Note from (2.18) that the Kalman gain Wy, is (from a simplistic scalar point
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of view) “proportional” to the state prediction variance and “inversely proportional”
to the innovation variance. Hence, the Kalman gain is “large” if the state prediction is
inaccurate (has a large variance) and the measurement is accurate (has a relatively small
variance). This “large” Kalman gain indicates a “rapid” response to the measurement
in updating the state, while a “small” gain yields a “slower” response to the measure-
ment. In the frequency domain a large/small Kalman gain properties correspond to a

higher/lower bandwidth of the Kalman filter [13].

2.1.2 Extended Kalman filter

One of the main problems with the standard Kalman filter is the requirement of
a linear measurement equation (2.3). This problem makes the standard Kalman filter
impractical in most tracking situations. Typically the measurements do not contain the
target position in Cartesian coordinates. For instance, a radar can measure the range
and the azimuth angle, and a passive sensor such as infrared sensor might give the
azimuth and elevation angles only. Therefore, when tracking problems are not linear so
the Kalman filter cannot be used directly, one can approximate the nonlinear equation by
linearizing around a point and solving for the linearized system with a Kalman filter. This
approach is referred to as the extended Kalman filter (EKF). It is basically an extension
of the linear Kalman filter described in the previous section and allows nonlinear state
transition and measurement equations. Unfortunately, this filter is no longer optimal.

Hence, in complex tracking circumstances the performance may be degraded significantly.
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One Cycle of the EKF

The update equation for the EKF is nearly the same as the linear Kalman filter
(LKF). The state prediction (2.12) and measurement predictions (2.14) are replaced by

the corresponding nonlinear equations. That is, the state is predicted as

Tpjp—1 = f(@r—1jk—1) + Gr_1up—1. (2.20)

When the measurement equation is nonlinear, i.e., the predicted equation (2.14) is re-
placed by

Ere—1 = MTpp—1)- (2.21)

In the covariance equations the nonlinear function cannot be used. Therefore, the func-
tions are to be linearized first. It would also be possible to compute the Taylor series of
the functions and use the desired number of terms [13]. The linearization corresponds to
taking only the first term of each series. Details are well explained in [13]. The Jacobian
of the state transformation function f(-) is evaluated at the previous estimate:

0f(x)

F =
K Ox

(2.22)

T=Tp_1|k—1

Similarly, the Jacobian of the measurement function is computed. It is evaluated at the

predicted state:

oo (2.23)

T=Lg| k-1
The above linearizations in (2.22) and (2.23) may degrade the performance of the filter

significantly. Especially in passive (i.e., infrared sensor) tracking, valuable information
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can be lost when equation (2.23) applied. If more terms of the Taylor were used, the
accuracy could be improved with extra computations.

Note from the EKF equations that the Kalman gain computation and the resulting
update of the state estimates to form 2y, are dependent on the initial estimates Ty ;1.
Therefore, there may be a tendency for the EKF to diverge if the initial estimate is
inaccurate. It means that in the case where several quantities are measured, the order of
processing measurements should be considered for better estimate. This is in contrast to
the LKF where all measurements can be processed simultaneously or in any order with

no effect on the resultant accuracy.

Example: Tracking a target moving at constant velocity using EKF

Consider a system with the following state space model

Xp+1 = Frexg + Gk (2.24)

with the state vector consisting of position [zx yx zk]T in Cartesian coordinates in meters
. dxk
where zy 1= <& and

Xi = [z &k Yk Ok 2% 2] (2.25)
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If a target is moving at constant velocity, the corresponding system matrices would be

[12]
1T 0 000 T2/2 0 0
01 0 000 T 0 0
001 T 00 0 T2/2 0
Fy = , Gp= (2.26)
000 100 0 T 0
000 01T 0 0 12/2
000 001 0 0 T

where T' is the sampling rate (in second). Assuming a 2-D radar being used for target

tracking, the sensor measurement of range (R) and azimuth angle (¢) can be defined as

R VT + Ui+ 2

2z = h (xg) + wg = = + wy, (2.27)
¢ tan™" (yx/2)

where wy, is zero-mean Gaussian noises with the covariance matrix of measurement noise

0% 0
Rp=| " . (2.28)

2
0 o
The linearized measurement matrix H; can be obtained as

OrR OR OR OR  9R OR
8h(X) oxy, oxy, oYy, Yy, 0z, e

X x=%yy s 96 06 06 0 06 09
oxy, 0T g, Y. Yy 0z, 0%y,

Xp=Xg|k-1
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Figure 2.1: The trajectory of the target (true vs. estimated)

cosécosqg 0 cosésinqg 0 sind 0

= (2.29)
o sinq} cosqg
Reot 0 Reow 0 00
where
R= \/’%iwcfl + @i\m + éi\m (2.30)
& = tan—! | ZHE-1 (2.31)
Lk|k—1

. Zlk—

6 = tan"! il (2.32)

-2 2
\/(xk|k—1 + Gigo—1)
The target trajectories of both true and estimated target state are shown in Fig. 2.1.
The true target is flying with constant velocity from the upper right corner to lower left

corner. Position measurements (range and bearing) of the target are sampled with period
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Figure 2.2: Performance of the Kalman filter (read top-to-bottom): (a) RMSE in velocity.
(b) RMSE in position

T=1s, and measurements (range and bearing) error variance of 0% = (20m)? and 42 =
(0.002rad)?. The results for tracking a non-maneuvering target in terms of the root mean
square errors (RMSE) in velocity and position are presented in Fig. 2.2 based on 100
Monte Carlo runs. Fig. 2.2 shows that EKF works well in tracking of a non-maneuvering
target. As seen from above example, traditional target tracking problems can be solved
using EKF. However, in case of tracking a maneuvering target, since the Kalman filter
uses permanently a large process noise to cover the maneuver, it would respond too
slowly in abruptly changing environments [13]. To handle maneuvering targets, multiple
models can be used for the possible hypotheses. Bar-Shalom et al. [12, 13] provided
good overviews where the Kalman filter and interacting multiple model (IMM) filter are

compared. In the following section, the IMM approach to state estimation is presented.
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2.2 Interactive Multiple Model

As mentioned above, a single model sometimes cannot describe the dynamics of a
system very well. Hence it is useful to introduce multiple models to describe complete
behavior of the target motion. One important issue for a multiple model is to reduce
the number of hypotheses. This can be done by pruning or merging techniques. For
example, if the number of models is n, there are n**1 different model paths available at
time k. Since the number of model paths for the optimal estimation grows exponentially
in time, it is not feasible in real applications. To solve this computational cost problem,
a suboptimal algorithm is needed. As one of the most efficient suboptimal algorithms,
the IMM algorithm has continued to receive increasing attention over the past twenty
years. There are many sources that provide a detailed discussion of IMM algorithms
[12, 13, 21, 33, 42]. In the following discussion, an optimal solution for the multiple model
approach to state estimation is given and then some practical suboptimal solutions are

presented.

2.2.1 Optimal Solution

In the multiple model (MM) approach it is assumed that the dynamics of the system
at any time can be described by one of a finite number of given models. Such systems
are called hybrid, since there exist both the discrete (modeling) uncertainties and con-
tinuous (noise) uncertainties. If it is assumed that the mode switching occurs only at
the sampling time (state update time), the model switching of the whole system can
be described as a Markovian switching system. Suppose that there are n hypothesized

models, M*', M?, ..., M" for the system and the event that model M7 is in effect during
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the sampling period ending at time ¢ (i.e., the sampling period (¢;_1,t]) is denoted by

M ,g When event M ,g is effective, the system is modeled as

T = Flzflxk—l + Uiil (2.33)

and

2 = H,Z:Uk + wi. (2.34)

When the jth model is correct (the system is in mode M), the initial (prior) mode

probability is denoted by (i.e., at k=0)

P[M]] = for j=1,2,---.n (2.35)
with
n .
=1 (2.36)
j=1

is assumed to be known. The switching of the model is governed by a Markov chain with

known model transition probabilities

pij == P[M]| M _,). (2.37)

The [-th possible model history (sequence of models) through time & is denoted as

M]lc = {Mj07Mf17"' 7Mlgk} for 1= 1727"' 7nk+1 (238)
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where 1 < j; <n for i =0,1,---, k. Note that the number of histories (n**!) increases
exponentially with time k. By the total probability theorem, it follows that the con-
ditional pdf of the state at time k is obtained as a Gaussian sum with exponentially

increasing number of terms

nk+1
plar|Z%) = Y play| M, Z27) P[M| Z¥). (2.39)
=1

Since p(zi| M., Z%) is Gaussian with mean E (x| M}, Z¥), which can be obtained via a

Kalman filter, it follows that

nk+1
E(xi|Z%) = > E(xi| ML, 2% P[M! | Z"]. (2.40)
=1

Noticing that (2.40) is the optimal solution for the state estimate, it is clear that the
number of filters needed to implement (2.40) increases exponentially with time &, which
makes the optimal approach impractical. In order to develop a computationally feasible
approach, consider the conditional probability of each model history M ,i It follows from

Bayes’ formula that

fik = PIM{|Z¥[= P[M|z, 2]

1 — —
= p(al 2 M) PR 24 (2.41)

where ¢ is a normalization constant such that Z?:kirl fi;, = 1. Equation (2.41) can be

rewritten as

_ 1 1 P _
Néﬁ = Ep(zk|Zk 17Mllc)P[M]z7Mk71|Zk 1]
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1 N L —
= EP(ZMZkilaMllﬁ)P[MﬂMlihZkil]P[Mlifl‘Zkil]
1 1 e
= EP(Zk|Zk b M) PIM] | M; ]y (2.42)
If the current model M,g’“ depends only on the previous model M,Z'“_‘ll, (2.42) can be

simplified further as

1 17 _
= —p (w257, ML) pigi (2.43)

where M,i_l is the last model of the sequence Mli—l'

According to [13], the advantage of an optimal estimator is that the best utilization
of the data and the knowledge of the system and the disturbances can be guaranteed,
but on the other hand, the disadvantages of the estimator are that it is possibly sensitive
to modeling errors and requires higher computational cost compared to a suboptimal
estimator. Therefore optimal multiple model techniques need to be replaced by subop-
timal techniques as memory requirements and computational time grow exponentially
for the optimal approaches. The main idea of suboptimal multiple model techniques is
to combine the multiple models (also known as hypothesis pruning). Fig. 2.3 presents a
comparison of the number of filters required between optimal and suboptimal solutions
(i.e., interacting multiple model (IMM) algorithm). As shown in Fig. 2.3, the number
of filters needed to implement the optimal estimator increases exponentially with time
k (see (2.40)) while the number of filters needed to implement the suboptimal estimator
increases linearly with time & (see (2.59)), which makes the suboptimal solution approach

more practical.
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Figure 2.3: Optimal solution (circle) vs suboptimal solution (diamond: interacting mul-
tiple model (IMM) algorithm) in term of the number of filters required

2.2.2 Basic IMM Algorithm

The IMM algorithm of [30], has been found to offer a good compromise between the
computational and storage requirements and estimation accuracy [29, 43]. Our future
work is also based on the IMM approach. So in the following section we describe the
basic IMM algorithm. The IMM algorithm [30] for state filtering is based on running n
“mode-matched” state estimation filters which exchange information (interact) at each
sampling instant. It assumes that the conditional probability density p(zx|M7, Z%) is

and the covariance P}

klk = E{lry —

a Gaussian with mean ii‘k = E{xy|MI, 7%}
ﬁ;iﬂk] [k —ﬁci|k]’|Mj, Z*}. In reality, the density p(zy| M, Z¥) is Gaussian sum containing

nF terms.
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As the algorithm is well explained in [29, 30, 43], we briefly outline the basic steps in
‘one cycle’ (i.e., processing needed to update the new measurement) of the IMM filtering
algorithm. We follow Table I of [29] for the most part.
Assumed available: 1t is assumed that following is available at the beginning of the state
estimate update cycle ending at time k: the state estimate iiil‘kil = E{xr_q |Mg717 ZF 1,
the associated covariance Pk |k—1» and the conditional mode probability /ﬂ;_l = P[M g_l | ZF1]
at time k — 1 for each j € M, := {1,2,---,n}. For kK = 1, we take initial condition
0 = T By = P) and yuf = P[Mj].
Step 1: Interaction — mixing of the estimate from the previous time

In this stage, the main objective is to reduce the number of hypotheses from n?
to n. At the end of the interaction stage, n conditioned state estimates :13"23_ ket =
E{xp_1|M g, ZF1 (j € M,) and the associated covariances are obtained. The details

are as given below :

predicted mode probability:

[T PM] A Y meﬂk 1 (2.44)
mixing probability:
'l o= PME_y | M7, 257N = pijpt o /i, (2.45)
mixed estimate:
.05 ; L o
T g = = E{ap| M}, 2"} = Z%q\kq/ﬁm (2.46)
i=1
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covariance of the mixed estimate:

05 . ~0j ~0j i k-1
Pk£1|k71 = B{lrg - xk{ukq][wk—l - mk]71|k—1]/|Mlg’Z } (2.47)
n
, » 0 » 0 |
= Z{Pizfukq + [95271\/1@71 - xkj_nk_ﬁ[x}cfukq - xkj_l\k_l]/}/ﬂj
i=1

Step 2: Prediction and Filtering (Vj € M,,):
While the mixed state estimate is the estimate of the state at time k — 1, the pre-
dicted state is the estimate of the state at time k& without the current measurement zj

being available. The details of this stage are given below:

state prediction:

A ] y _ . AO‘
l‘{c\k—l = E{xk’M], A 1} = F;g,lfb“kj_”k_l (2.48)

covariance of state prediction:

Pl y = Biler =y llow — 2, ) IM, 251

Y y . . y
= Flzflpkilwc—lFIgfl + Gl @1 Gl (2.49)

measurement prediction:

oy = HL#, (2.50)

measurement residual (innovations)

Vi =2 — Elp (2.51)
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measurement residual covariance (innovation covariance):
. . o y ,
J . i 3| Zk=1\ _ p7i pi J
Sy = E{vy|Z" "} = Hy Py Hy + Ry,
Kalman gain:
Wi .—pi gi'giT?
k= Fklk—1"k Pk

filtered state estimate:

Y . J
Te = Trjpr + Wit
covariance of filtered state estimate:

Plg|k = E{lzy - ﬁi\k”wk - ji;“g]lyzk}

= Pl - Wisw

likelihood function:

A =N (I/i; 0, Sﬁ)

where

N (29, P) = 2P| Vexp |5 (@~ o) Pl (o~ 0

and | A| is the determinant of the matrix A.

Updating mode probability:

e Mg
n

p. = PIM]| 7% = 5 —E—.
Zl g A,
=
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(2.52)

(2.53)

(2.54)

(2.55)

(2.56)

(2.57)

(2.58)



Step 3: Combination of the mode-conditioned estimates
In the combination stage, a single lumped state estimate given all measurements
up to the current time is obtained as well as the associated covariance. The final state

estimate update at time k is given by

n
B = B{an| 28y = Y0 &, (2.59)
j=1

and its covariance is given by

Py = Ef[ze — Eypllzr — 21127}

= > {Pﬁ\k + [ — Tael By — fv\k\k],} 11, (2.60)
=1

<

2.2.3 Target Dynamic Models

We discuss important target tracking models to be used in the IMM algorithm. The
main focus is on the state dynamics and process noise. An example of a set of kinematic
models describing a maneuvering target is shown in Fig. 2.4. To describe the motion of
the target as closely as possible, as shown in Fig. 2.4, it is essential to select the set of
models properly. The motion of a target can be modeled with an accurate, high-order
model if the type of target can be determined from the sensor measurements. The use of
a small number of low-order models can effectively track many types of targets through
various moving situations. In this section a class of widely used models derived from
simple equations of motion (constant velocity and constant acceleration) are discussed.

There are mainly two classes of discretized kinematic models: discretized continuous-time
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model switch
M2-> M1

model switc
M1-> M2
M1 model switch
M2-> M1
Model M1: constant velocity

Model M2: coordinate turn w/ constant acceleration

Figure 2.4: An example of a set of kinematic models describing a maneuvering target
using two models: 1) constant velocity model and 2) coordinate turn with constant
acceleration model.

kinematic models (discretized model is generated via a continuous-time white process
noise) and direct discrete-time kinematic models (it is directly defined in discrete-time
domain and the noise is a discrete-time process noise) [13]. We mainly focus on direct

discrete-time kinematic models as follows:

Piecewise Constant Wiener Process Acceleration Model

Assume that there is an object moving in a 3-dimensional Cartesian space plane

with non-zero acceleration. Let the state vector at time k7" (T' = sample period)

o=l & & ome e i G G & (2.61)

where &, n and (g are the Cartesian position coordinates, and where the velocity
components are denoted by Sk, N and ék, and where the acceleration components are

denoted by ék, 7 and Ck: The state dynamics for the piecewise constant Wiener process
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acceleration model can be approximated using Taylor series expansion:

o 2
F(0)= F0)+ F(t0) (1 10) + F(to) L0 (2.62)
Let t = (k+ 1)T and top = k7. Then
Ser1 = &+ &T + & + 5, (2.63)
€1 = & + & T + v, (2.64)
o1 = & + ai- (2.65)
Define
&k z (€) P wy (§)
(€)= & |, o= ap(n) |, w(@ =] |, and wp=| w(n)
& 2:(¢) aj wy (€)
(2.66)

From Eqns. (2.62)-(2.66), the state dynamics for the piecewise constant Wiener process
acceleration model can be written as in (2.67) [13]. (Note that, only in this section,
we denote “wy” (instead of “vx”) as the process noise at time k to distinguish it from

velocity components in (2.64) and (2.66).)

Tra1 = Frap + Grwg (2.67)
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where

Fp(§) 0 0 1 7 ir?
Fp = 0 F,(n) 0 | FB@O=FM0O=FKQ=|0 1 T (2.68)
0 0  F,(0 00 1
and
Gp(§) 0 0 T
Gy = 0 Gp(n) 0O , G =Gr(M)=G,(O=| T |. (269
0 0 Gr(¢) 1

Piecewise Constant White Acceleration Model

Assume that there is an object moving in a 3-dimensional Cartesian space plane

with constant speed (zero acceleration). Let the state vector at time kT (T = sample

period)
we=[6 & m o G Gl (2.70)
Then similar to Eqns. (2.62)-(2.66),
€1 = &+ &T + pj, (2.71)
€1 = &k + v (2.72)
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Define

5 7 (6 g wn )
xp (&) == ; corp= | oag(n) | we(§) = pz and wy, == |y, (n)
'“ 7 (0) k e (0

(2.73)

From Eqns. (2.70)-(2.73), the state dynamics for the piecewise constant Wiener process

acceleration model can be written as [13]

Trt1 = Frap + Grwg (2.74)
where
Fp(§) 0 0
1 T
Fy, = 0 F.(n) 0O s B (§) =Fp(n) = Fi (Q) = (2.75)
0 1
0 0  Fr(Q)
and
Gp(§) 0 0 -
Ge=| 0 G 0 | GO =G =Gi(Q) = L (276)
1
0 0 G (¢)

Coordinated Turn Model

Assume that there is an object moving in a xy plane with constant speed and turning

with a constant angular rate (i..e., coordinated turn in aviation language) [13, 44]. Let
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the state vector

zp=1[¢ & na (2.77)

where £ and 7 are the Cartesian position coordinates, and where the velocity components
are denoted 5 and 7). If we assume a constant speed v = 4/ 52 + 72 and a constant angular

rate Q = ¢ (€ > 0 implies a counterclockwise turn), where we have

£ =wvcos(¢), 17 =wvsin(¢). (2.78)

Now the acceleration (with 7 = 0) components are

£ = if = —vQsin(¢) = —Qn (2.79)
dt

. d, :

0= = —vQcos (¢) = —Q&. (2.80)

The state equation can be expressed as

3 3
d| ¢ —Qn
x(t):% = R (2.81)
n n
] L]
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By discretizing the system, it gives

1 sin(QT) 0 — 1—cos(QT)

Q Q
0 cos(QT) 0 —sin(QT)
Thtl = i + Grwg. (2.82)
0 1—cos(QT) 1 sin(QT)
Q Q

0 sin(QT) 0 cos(QT)

This allows us to generate the state trajectories for such turns. These coordinated turns

are very common for any flying objects.

2.3 Probabilistic Data Association Filter

The multiple model approach discussed above section is effective when we track a
single target under the assumption that measurements of the target are available at all
time steps from the sensor(s). This assumption means that we must be able to associate
measurements from sensor(s) to each target of interest before we do any filtering. In
addition, in the case of multiple radar returns received at the radar sensor, it is possible
for sensor(s) to miss the radar return from the target of interest for several consecutive
scans. Therefore, we must not only associate the available measurements with existing
target tracks but also consider the cases when there is no measurement available for the
target of interest.

The basic algorithms discussed so far in the previous section do not take into ac-
count the problem of measurement origin uncertainty. In this section we discuss the
basic probabilistic data association filter (PDAF) that was proposed by Bar-Shalom in

[5]. PDAF is a Bayesian technique that handles these two issues: measurement origin
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uncertainty and no measurement available for the target. It is mainly used for tracking
a single target in the presence of clutter. For tracking multiple targets, the same ap-
proach of PDA has been extended to JPDA (joint probabilistic data association) [10].
In JPDA one has to do data association jointly by considering simultaneously all the
targets present in the surveillance region. Details about JPDA are given in Chapter 6.
Here we give the basic PDA algorithm of [5]. PDA algorithm calculates the association
probabilities of each validated measurement to the target at the current time. It is usu-
ally combined with a proper tracking filter to track a single target in clutter. Let us

discuss now the validation of measurements.

2.3.1 Measurement Validation

Assume that there is a target whose track has been initialized. One can then set up
a validation gate [12], based on predicted measurement and residual covariance obtained
in the appropriate filter prediction stage. A key assumption is that the past informa-
tion about the true target state conditioned on the past measurements is summarized
approximately by

p(xk|Z571) = N (ks &gt Prpe—t)- (2.83)

In addition, the true measurement conditioned on the past measurements is also Gaussian

distributed with probability density function given by

P(zklZ57Y) = N (243 o1, Sk)- (2.84)
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The validation region is given by
V(k.7) = {2 e = 2]/ Sz = Zpn] <7 (2.85)
with gate threshold . The gate probability
Pg = Plz, € V(k,7)] (2.86)

gives the probability that the true measurement will fall within the validation region.
The probability Pg is a function of v and the dimension of the measurement n,. The

volume V' of the validation region V corresponding to the threshold + is given by [12]
Ny 1
Vi = cn. 72 |Skl? (2.87)

where ¢, is the volume of the unit hypersphere of dimension n, (¢; = 2,¢0 = m,¢3 =
4w /3, etc.). Therefore, an increase in the design parameter, ¢, or Sg, will increase the
size of the validation area. Practically we take v = 16 and the corresponding Ps = 0.9989
(or 0.9997) when n, = 3 (or 2). The following assumptions are made [12]:

(AS1) Among the possibly several validated measurements, at most one of them can be
target originated provided the target is detected and the corresponding measurement
falls within the validation gate.

(AS2) All the remaining measurements are assumed to be due to clutter or false alarm
and modeled as independent and identically distributed (i.i.d.) with uniform spatial
distribution.

(AS3) Target detection occurs independently over time with known probability Pp.
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2.3.2 PDA approach combined with Kalman filter

The following section discusses how to apply the PDA to a typical Kalman filter
which tracks a single target in clutter. From among all the raw measurements at time
k, ie.,

Zy = {5, 20 2, (2.88)

define the set of validated measurement at time k as

= {y](gl)vyk 5" ayk k)} (289)

where my, is total number of validated measurement at time k. And
y,(j) = z,gj) 1<i<j<my (2.90)

where 1 < mp < mg when my #0. The cumulative set of validated measurements is
denoted by

k = {Y17Y27'”7Yk}‘ (291)
We also define set of association events [12]

6’}; = yfg is originated from the target: ¢ =1, ---, my

09 = none of the measurements is originated from the target. (2.92)

Note that the events {6 } are mutually exclusive and exhaustive based on (AS1).

Now the estimate of the state x, conditioned on the above events is obtained by the
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total probability theorem as

Bpp = E{a|ZF}

mg

= Y E{al6}, 2"} P[0;| Z%) (2.93)
=0

= > bk
=0

where x};‘k := F{xy|0%, Z*} is the updated state conditioned on the event that the i-th
validated measurement is correct and 3§ := P[fi|Z*] is the association probability with

this event. The conditional state estimate based on measurement i being correct is

Bhpp = Erppr + Wiy i=1,--- iy, (2.94)
where the innovations
Vi, o= 2k — Zpjp—1 (2.95)
and gain
Wi := Pyp_1 HpSy (2.96)

The final state update equation is
Tpik = Trpp—1 + Wi (2.97)
where the combined innovations

my
Vg = Z Bl V- (2.98)
i=1
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For i = 0 (when no measurement is originated from the target of interest), we have
:E2| p = Zk|k—1, where the updated state estimate is identical to the predicted state. The

covariance associated with the updated state is [12]

mg
Py = Prjp—1 — (1= BOWSeWi + Wi Bivivi. — vivi) Wi (2.99)
i=1

2.3.3 Summary

In this chapter we briefly discussed the background work needed to understand the
fundamentals of target tracking. The Kalman filter provides the optimum solution in
the MMSE sense, but its application is limited to a single model. For the multiple
model approach, suboptimal algorithms such as IMM filter are applicable. To tackle the
measurement origin uncertainty, one has to combine the IMM filter with data association
techniques like PDA. Tracking a target using multiple sensors can improve the tracking
accuracy. With this background work we are ready to discuss our noble algorithms in

the following chapters.
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CHAPTER 3
MULTISENSOR TRACKING OF A MANEUVERING TARGET IN CLUTTER USING

IMMPDA FILTERING WITH SIMULTANEOUS MEASUREMENT UPDATE

In this chapter, we present a suboptimal filtering algorithm for tracking a highly
maneuvering target in a cluttered environment using multiple sensors. The filtering algo-
rithm is developed by applying the basic interacting multiple model (IMM) approach and
the probabilistic data association (PDA) technique to a two sensor (radar and infrared,
for instance) problem for state estimation for the target. A simultaneous measurement
update approach is followed where the raw sensor measurements are passed to a central
processor and fed directly to the target tracker. A multisensor probabilistic data associ-
ation filter is developed for simultaneous measurement update (SMU) for target tracking
under clutter. A past approach using SMU has ignored certain data association proba-
bilities leading to an inaccurate implementation. Another existing approach applies only
to non-maneuvering targets. The algorithm is illustrated via a highly maneuvering tar-
get tracking simulation example where two sensors, a radar and an infrared sensor, are
used. Compared with an existing IMMPDA filtering algorithm with sequential sensor
processing, the proposed algorithm achieves significant improvement in the accuracy of

track estimation.

3.1 Introduction

We consider the problem of tracking a maneuvering target in clutter. This class of

problem has received considerable attention in the literature [5, 12, 21, 22, 44, 45]. We
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develop a simultaneous measurement update technique by applying the basic interacting
multiple model (IMM) algorithm and probabilistic data association (PDA) technique.
The switching multiple model approach has been found to be quite effective in modeling
highly maneuvering targets [12, 14, 21, 29, 30, 33, 45]. In this approach various “modes”
of target motion are represented by distinct kinematic models, and in a Bayesian frame-
work, the target maneuvers are modeled by switching among these models controlled by
a Markov chain. To accommodate the fact that the target can be highly maneuvering,
we will follow a switching multiple model formulation as in [12, 21, 29, 30, 33] and refer-
ences therein. It is assumed that a track has been formed (initiated) and our objective
is that of track maintenance. In [21] such a problem has been considered using multiple
sensors, PDA and switching multiple models. The optimal solution (in the minimum
mean-square error sense) to target state estimation, given sensor measurements and ab-
sence of clutter, requires exponentially increasing (with time) computational complexity;
therefore, one has to resort to suboptimal approximations. For the switching multiple
model approach, the IMM algorithm of [30] has been found to offer a good compromise
between the computational and storage requirements and estimation accuracy [29]. In
the presence of clutter, the measurements at the sensors may not all have originated
from the target of interest. Therefore, one has to account for measurements of uncertain
origin (target or clutter?). In this case one has to solve the problem of data association.
An effective approach in a Bayesian framework is that of PDA [12, 22]. Here too, in a
Bayesian framework, one has to resort to approximations to reduce the computational
complexity, resulting in the PDA filter [5, 12, 21, 22, 45].

In [21] the IMM algorithm has been combined with the PDA filter in a multiple

sensor scenario to propose a combined IMM/MSPDAF (interacting multiple model/
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multisensor probabilistic data association filter) algorithm. While [21] uses sequential
updating of the state estimates with measurements (i.e., updating the state estimates
sequentially with measurements from different sensors), the multisensor approach of [45]
falls in the category of simultaneous measurement update, or parallel sensor processing,
where the raw measurements from all sensors are passed to a central processor to be
processed simultaneously (i.e., updating the state estimates with all the measurements
at the same time as if they were from a single sensor). Sequential updating results in
computational savings but this approach is not necessarily the best. For linear systems,
both sequential and parallel updating methods are algebraically equivalent but the par-
allel updating is computationally more expensive [12]. Ref. [45] uses SMU but has some
errors: during data association, all measurements at the same time from different sensors
are assumed to be either from clutter or from the target. The possibility that a measure-
ment from sensor 1 may be from target while the measurement from sensor 2 may be
clutter-induced (and vice-versa) is implicitly not allowed in [45] - this is clearly incorrect.
Ref. [46] allows for such distinctions (hypotheses), but it is limited to non-maneuvering
targets.

In this chapter, we extend the multisensor approach of [46] to maneuvering targets.
“Standard” assumptions are used for PDA filtering [12, 22]: a measurement can have
only one source; among the possibly several validated measurements, at most one of
them can be target-originated and the remaining validated measurements are assumed
to be due to false alarms or clutter, and are modeled as independently and identically
distributed (i.i.d) with uniform spatial distribution over the entire validation region.

The remainder of this chapter is organized as follows. Sec. 3.2 presents the ba-

sic implementation of simultaneous measurement update technique. Sec. 3.3 presents
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the problem formulation for multiple model system. Sec. 3.4 describes the proposed
IMM/MSPDAF algorithm with simultaneous measurement update to multiple model
system. Simulation results using the proposed algorithm for a realistic problem are

given in Sec. 3.5. Finally, concluding remarks may be found in Sec. 3.6.

3.2 Simultaneous measurement update

In the simultaneous measurement update procedure, the state can be updated simul-
taneously with all the synchronized measurements observed from multiple sensors. We
consider a system of a 2-D radar and an infrared sensor located separately at [x1,y1, 21]
and [z2, Y2, 22], respectively, and covering a common cluttered surveillance region that
is being traversed by a single non-maneuvering target. Assume that the target dynamic

equation can be described as

rp = Fp_ 121+ Gp_1vp_1. (3.1)

Assume that there are ¢ synchronized sensors. At a given sampling time k, there are my

measurements from each sensor [. The measurement from sensor [ at time k is

b =Hlizp +wl for I=1,---,q, (3.2)

where xj, is the system state at t; and of dimension ng, zfc is the (true) measurement
vector (i.e., due to the target) from sensor [ at ¢; and of dimension n;, where H ,lc is the
Jacobian matrix of h! evaluated at some value of the estimate of state x;. The process

noise vi_1 and the measurement noise wé are mutually uncorrelated zero-mean white
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Gaussian processes with covariance matrices Qp_1 and Ri, respectively. Note that, in
general, at any time k, some measurements may be due to clutter and some due to the
target, i.e., there can be more than a single measurement at time k£ at sensor [. The

measurement set (not yet validated) generated by sensor [ at time k is denoted as
(1) 12 !
Z]lf = {Zk( )7 Zk( )a T Zk(ml)} (33)

where m; is the number of measurements generated by sensor [ at time k. Variable
z,i(i) (t = 1,---,my) is the ith measurement within the set. The cumulative set of
measurements (not yet validated) from sensor [ up to time k is denoted as ZF() .=
{Z{, Zé, cee Zli} In heavily cluttered environment, validation gates can be applied to
reduce the number of unwanted measurements for further processing. Following [12, 21],
one sets up a validation gate for sensor [ centered at the predicted measurement, 22

Then measurement zfc(i) (1=1,2,- - -,my) is validated if and only if

(2 ~ —1: 1@z N
[2r — ) [SH T Y — 2] < (3.4)

where v is an appropriate threshold. The volume of the validation region with the
threshold ~ is

1/2

Vi i= ea, v S (3.5)

where n,; is the dimension of the measurement and c¢,,_, is the volume of the unit hyper-
sphere of this dimension (c1=2, co=m, c3=47/3, etc.). Choice of v is discussed in more
detail in [12, Sec. 2.3.2]. From among all the raw measurements from sensor [ at time

k, i.e., Z,i = {zfc(l), 22(2), e ,z,i(ml)}, define the set of validated measurement for sensor
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[ at time k as

where my; is total number of validated measurement for sensor [ at time k, and
1(i 1(1;
yk(z) = zk( ) (3.7)

where 1< 1) <y < -+ < Iy, < my when m; #0. The validated set of measurements of
sensor ! at time k, which passed the validation gates will be denoted by ka, containing
my (< my) measurement vectors. The cumulative set of validated measurements from

sensor [ up to time k is denoted as

The cumulative set of validated measurements from all sensors up to time k is denoted
as

ZF = {yrW) yk@) L yk@)) (3.9)

After measurement validation processing, there still exists uncertainty regarding the
measurements’ origins. Define the association events (hypotheses) HZ’b (a and b are

integers) as follows (here we follow [46]).

° 92’0: none of the measurements in Yk1 or Y,f is target originated,

(0)

2(b) . . .
° 9,2’b: only y,.' 7 in Yk2 is a target measurement, all other measurements in Yk1 or Y,f

are clutter,a =0,b=1,---,mo,
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(a)

1(a) . . .
° GZ’O: only y,.' " in Yk,1 is a target measurement, all other measurements in Yk1 or Yk2

are clutter,a =1,---,mq, b =0,
ab,  1a) 2(0) . /1 2 :
e 0,7y, and y, "’ in Y, and Y}7, respectively, are target measurements, all other

measurements are clutter,a =1,---,m1,b=1,---,ms.

Therefore, there are a total of mime+mi+mo+1 possible association hypotheses, each

of which has an association probability. Define the innovations VZ’b as

Onzlxl
VI?O_ s (ZZO, b=0
L Onz2><1 1
Onzlxl
b — L a=0, b=1,---,1my
V}z(b)
~ ~ (3.10)
V;(a)
vt = . a=1,--,my, b=0
L Onz2><1 ]
V;(a)
V]C;’b_ ) azla 7m17 bzla 7m2
y,f(b)
The covariance of the residual, I/li(i) = zfﬁ(i) — :22, is given by (assume ¢=2, the case
of 2 sensors)
St = E{yy Oy, | 241} = HE Py H}Y + R}, (3.11)
82 — B 2(¢)  2(3)’ Zk’—l _ H2P HQ' RZ 3.12
pi=E{v v } = H Py Hj;, + Ry, (3.12)
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where H! is the first order derivative (Jacobian matrix) of h!(.) evaluated at the state
prediction ;. Note that (3.11) and (3.12) assume that zfg(i) originates from the
target. Since our approach to the problem deals with the multiple simultaneous mea-
surements arising from two separate sensors that are tracking a single target through
a common surveillance region, a method for combination of multiple measurements has

to be devised. In order to do this, the combined covariance S; of the residual obtained

from (3.11) and (3.12), also need to be considered as follows:

— Yk 16 16 k-1
S = F , vy vy, Z
200
k
H} R 0
H}? 0 R?

Define the association event probabilities as
Brt = POV, Y2, 2, (3.14)

Exploiting the diffuse model for clutter in [12, 21], it turns out that

1—-Pp, P, 1-Pp., P,
50 = cUTralCatnre) u—0b—0

Pp,(1—Pp, Pa, )N [u,f(”);o,sg}

0,b _

/Bk: =C (VE)mQ—l’rﬁQ y = 0’ b= 1; , 12
(3.15)
1(a),

a0 CPD1 (l—PDZPGQ)N{I/k ,0,3,1} . - -
ﬂk - (Vkl)ml_lﬁn y =1, T, =0

ab Pp, Pp, N [12°°:0,5y, _ _
ﬁk - lem;(vklg)ﬁzl[—’lc(vlg)ﬁb;—1 , a= 1) s, M, b — 1) s, M2
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where Pp, and Pp, are the detection probabilities that the sensors 1 and 2 detect the
target, respectively, P, and Pg, are the probabilities that the target is in the validation
region observed from sensors 1 and 2, respectively, C is a normalization constant such
that E Z ﬁ = 1. The related likelihood function is

m1 Mo

A =p (Y Y2Z5) = 3 N p (Vi V2, 000125 (3.16)
a=0b=0

where using the Bayes’ formula, we obtain

p (VY2000 25) = p (Vi V21050, 24 1) Ploy]

(17PD1 Gl)(l PDQPGZ)
1

verver

(1-Pp, Pe, )(Pp f)/mz xN[ 20). . Sk} a=0,b=1,--,m9

a=0,b=0

PG2[V ]
(PDlPG;G)([IVII]DTSfPf;Q)/ml < N {V;(a); 0, Sl} , a=1,---,m1, b=0
1
Pp, Pa, )(Pp, P 71 _ _
<P§11[‘fﬁl]ll(lﬁpc?[zﬁ/z(]nilﬁf) <N {Vk 0, Sk] @=1cesmy, b=1,---,ma.

(3.17)
Using state prediction Zj,_; and its covariance Py;_; at time k — 1 (see Eqns. (2.12)
and (2.12), respectively), one computes the partial update &y, and its covariance Py,
according to the standard PDAF [21] except that the augmented state is conditioned on
0y * with data combination from sensors 1 and 2.

Define the combined mode-conditioned innovations

mi1 M2

SN gyt (3.18)

a=0b=0
(a,b)#(0,0)
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Therefore, partial update of the state estimate is given by

sab ab k-1 v1 2| _ - ab, ab

$k|k —E{$k‘9k L 7Yk7Yk} _xk|k—1+Wk Vg (319)
where Kalman gains, W, ’b, are computed as

W,S’():O, for a=0,b=0

Wi = Pue—1[HY[SH7Y 0], for a#0,b=0
Wb = (3.20)

WP = Py 1[0 HY[SH™Y, for a=0,b#0

Wil = Pyp_y Hi[SK] ™!, for a#0, b#0,

and H; = {H,%/ H,fl} Despite the fact that here we follow [46] for the association
events (hypotheses) GZ’b to deal with existing uncertain measurements’ origins, there
are “oversights” in [46, Sec. 2.1]. When both sensor measurements are associated with
the target, [46] states (p. 62, 2nd para., [46, Sec. 2.1]) that W[k] = [Wi[k] Walk]]
where W k] = Kalman filter gain for the “overall” filter and W;[k] = Kalman filter gain
corresponding to the measurements from sensor ¢ (¢ = 1,2). This is NOT true. Since
the two sensors observe the same state, there is “cross-coupling” as described in Eqn.
(3.20).

The mode-conditioned update of the state estimate is

mi1 Mo
g = B {an| My, 250V V2 = 50N grtan (3.21)
a=0b=0
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and the covariance of 2y, is (follow the steps in [12, 22] for the standard PDAF)

my m2 a,brrrab qa,byyra,b’ ™ a,byrra,b ab ab
Pk\k —Pk:|k: 1= Z bEO ﬁk Wk S Wk + EObZ 5k Wk W
@by , (3.22)
A a,b ab 2 a,bryra,b ab
~[BE prrwetor] [ sy

Now we are ready to extend the above simultaneous measurement update technique to

a multiple model scenario.

3.3 Problem Formulation for the Multiple Model System

Assume that the target dynamics can be modeled by one of n hypothesis models.
The model set is denoted as M,, := {1,---,n} and there are total ¢ sensors from which ¢,
or fewer (if the probability of target detection is less than one) or more (due to clutter),
measurement vectors are generated at a time. The event that model j is in effect during
the sampling period (¢;_1, ] is denoted by M,f/, For the j-th hypothesized model(mode),

the state dynamics and measurements, respectively, are modeled as

ap=F] o1+ G vl (3.23)

and

2t = hl(xy) + w,;’l for [=1,---,q, (3.24)

where zj is the system state at t; and of dimension n,, Zé is the (true) measurement
vector (i.e., due to the target) from sensor [ at ¢; and of dimension n;, F,z_l and G{:—1
are the system matrices when model j is in effect over the sampling period (tx_1, tx],

and h' is the nonlinear transformation of zj, to z,lf (l=1,---,q) for model j. Henceforth,

64



time ¢ will be denoted by k. A first-order linearized version of (3.24) is given by
2= H'ap +wlt for 1=1,--,q, (3.25)

where H i’l is the Jacobian matrix of h! evaluated at some value of the estimate of state xy.
The process noise fui_l and the measurement noise wi’l are mutually uncorrelated zero-
mean white Gaussian processes with covariance matrices Qi_l and Ri’l, respectively.
At the initial time tg, the initial conditions for the system state under each model j
are assumed to be Gaussian random variables with the known mean Eg) and the known
covariance Poj. The probability of model j at tg, ,u% = P[Mg], is also assumed to be
known. The switching from model M,ifl to model M,g is governed by a finite-state
stationary Markov chain with known transition probabilities p;; = P[M Ig |Mi_ ).

The following notations and definitions are used regarding the measurements at
sensor [. Note that, in general, at any time k, some measurements may be due to clutter
and some due to the target, i.e., there can be more than a single measurement at time
k at sensor [. The measurement set (not yet validated) generated by sensor [ at time k

is denoted as

zt = {zé(l), z,i@), e z,lc(ml)} (3.26)

where m; is the number of measurements generated by sensor [ at time k. Variable
z,lc(i) (¢t = 1,---,my) is the ith measurement within the set. The cumulative set of
measurements (not yet validated) from sensor [ up to time k is denoted as ZF(!) :=
{Z4,Z,---,ZL} and the cumulative set of measurements (not yet validated) from all
sensors up to time k is denoted as ZF := {Zk(l), A N Zk(q)} where ¢ is the number

of sensors. The validated set of measurements of sensor [ at time k& will be denoted
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by Ykl, containing m; (< m;) measurement vectors. The cumulative set of validated

measurements from sensor [ up to time k is denoted as

The cumulative set of validated measurements from all sensors up to time k is denoted

as

ZF = (YR yh@) L yka)y, (3.28)

Our goal is to find the state estimate

Expp, o= B{xy,| 2"} (3.29)

and the associated error covariance matrix

Py = Ef{[zr — &yl o — 2] 1 27} (3.30)

where 2}, denotes the transpose of .

3.4 IMM/MSPDAF Algorithm for Simultaneous Measurement Update

We now modify the IMMPDA algorithms of [21] and [47] to derive the proposed
IMM/MSPDAF with simultaneous measurement update system. We confine our atten-
tion to the case of 2 sensors; however, the algorithm can be easily adapted to the case of
arbitrary ¢ sensors. We assume that all measurements observed from sensors are synchro-

nized with the same sampling rate (see Fig. 3.1). We will only briefly outline the basic

66



|
| | |
| |
Local | | |
sensor 1 " /Lk+1
b b 7 >
| | |
Remote | | |
sensor \|J3k_l \,]|>k ¢k+1 >
| | |
Central | | |
processor
& & é >
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Figure 3.1: Target tracking example using synchronized measurements observed from
multiple sensors

steps in ‘one cycle’ (i.e., processing needed to update for a new set of measurements) of
the IMM /MSPDA filter.
Assumed available : Given the state estimate :f:i_llk_l = E{xk,ﬂMg_l, ZF1,

the associated covariance PJ and the conditional mode probability ,uiil :=P[M ,Ll | ZF1]

k—1k—1°

at time k£ — 1 for each mode j € M,,.

Step 1. Interaction - mixing of the estimate from previous time (Vj € M,):

predicted mode probability:
p, =P MJ z+ 1 prﬂk 1 (3.31)
mixing probability:

p'l = PIME M, 27 = pijpni /1y, (3:32)
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mixed estimate:

n

0] o y L

xkjfl\kfl = ]-@{3316—1|J\4;i>Z"C '} = E :$271|k71ﬂm- (3.33)
i=1

covariance of the mixed estimate:

07 0i 07 ) B
Plipor = Bl = 2L e — &) IME ZF1y (3.34)
n
) . 04 . 0 -
= Z{szr—l\k—l + ['T;c—lwf—l - xk],”kfl][x}c—”k—l - -Tk],”kfl]/},ullj.
i=1

Step 2. Predicted state and measurements for sensors 1 and 2 (Vj € M,,) :

state prediction:
~J — J k=1 _ i A0
xk|k—1 T E{l’k‘M 7Z } - Fk_lxk_1|k_1- (335)
state prediction error covariance:

Péum = E{fwg — i‘im,l][l‘k — ;%fc|k71]’|M£, zk1

_ J 0j J’ J J J’
= BB B T Gro1 @1 Gy (3.36)
The mode-conditioned predicted measurement for sensor [ is

= (@) (3.37)
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Using the linearized version (3.25), the covariance of the mode-conditioned residual

Al @) _ il

is given by (assume g=2, the case of 2 sensors)
St = B OV MY, 25y = PP, HEY + R (3.38)

§p% = BV M, 25y = PP, HEY + R) (3.39)

where H ,z’l is the first order derivative (Jacobian matrix) of h!(.) evaluated at the state
prediction i:ilk_l (see (3.37)). Note that (3.38) and (3.39) assume that zfg(i) originates
from the target.

As we mentioned earlier, since our approach to the problem deals with the multiple
simultaneous measurements arising from two separate sensors that are tracking a single
target through a common surveillance region, a method for combination of multiple
measurements has to be devised. In order to do this, the combined covariance Si of the
mode-conditioned residual obtained from (3.38) and (3.39) also needs to be considered

as follows:

() |
Si = jz(i) {V’]“’m) Vi’l(i)/pMé’Zk_l
vy
it | B0
= ) Pékl{ﬂ,gvl’ H,g’2’]+ nE (3.40)
H} 0 Rj
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Step 3. Measurement validation for sensors 1 and 2 (Vj € M,,):

Since the measurement validation process was well explained in Sec. 3.2 for non-
maneuvering target tracking scenario, we briefly describe the difference between non-
maneuvering target tracking and maneuvering target tracking in this step. Following
[12, 21], one sets up a validation gate for sensor [ centered at the mode-conditioned

predicted measurement, 2k,l Let (|A| = det(A))

0 = Sit } 3.41
Ja i= arg {]Iél% 2 (3.41)

Then measurement zi(i) (1=1,2,---,my) is validated if and only if

1 A 'g,, ‘a7 -1 i o 'Llr
5 = ST - A < (342)

The volume of the validation region with the threshold - is

1/2

Vi = o /S0 (3.43)

where n,; is the dimension of the measurement and c¢,,_, is the volume of the unit hyper-
sphere of this dimension (¢;=2, co=m, c3=4n/3, etc.). Choice of 7 is discussed in more

detail in [12, Sec. 2.3.2].

Step 4. State estimation with validated measurement from sensors 1 and 2

(Vj e M) :
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Using the definition of the association events (hypotheses) QZ’b (see Sec. 3.2), define

the mode-conditioned association event probabilities as

B 7b —— 7b
B = Pl

Mi? Yk17 Yk27 Zkil]'

The mode-conditioned innovations Vk’a’b can be defined as

7,0,0 _

7,06 _

J,a,0
Vi

j?a/7b e

Onzlxl

0”22>< 1

Onzlxl

a=1,--,m, b=0
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Exploiting the diffuse model for clutter in [12, 21], it turns out that (see Appendix 1

for details)

ﬂ£7070 — (1_PD1PG1)(1_PD2PG2)

(VD i (VE)ym2 , a=0,b=0

j.0b _ PDZ(l_PDlpcl)N J2(b)05]2}
ﬂ (Vk2)m271

m2

PD1(1—PD2PG2)N u{c"l(“);o,s,@l]

gaO L _ ~ —
ﬁ (Vkl)mlf M1 ) a_17"'7m17 b=0
P P /\/’ ijll,b.o SJ]
7,0, D1 7Dy [k 2k =1 .. 97 =1 .7
ﬁ m1T?L2(V1€1)m1*1(Vk2)m2*17 a=1, ymy, b=1, ) M2

The likelihood function for each mode j is

mi1 m2

A =p (Y,g, Y| M, Z’“_1> =33 (Ykl, Y2, 000\ M7, Z’H)
a=0 b=0

where using the Bayes’ formula, we obtain

p (Vi V2 000\, 2570) = p (Vi v, 00, 25Y) Pl

UroP)0-roati) g

Vel e
(1PD;J~:1[‘)/I§T£§5G2)/m2 Y N {Vi: 2(b) SJ 2} a=0,b=1,---,1m
(pDIPC;G)l([lv;IJ]DEfPlcz)/ml N {Vi’l(a)ﬂ?si’l] ca=1,--,m, b=0
(PDlpcllzﬁ(inPGz)/z(”;l;_ﬁl?) < N { Jiab, -0 SJ] a=1,---,m, b=1,---
Pg, [Vk] Pa, [Vk]
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Using @i‘k_l (from (3.35)) and its covariance ]g‘k_l (from (3.36)), one computes the
partial update fUi' . and its covariance P,z| ., according to the standard PDAF [21], except
that the augmented state is conditioned on HZ’b with data combination from sensors 1
and 2.

Define the combined mode-conditioned innovations

mi1 M2

vi= S5 ghmtubet (3.49)

a=0b=0
(a,6)7#(0,0)

The partial update of the state estimate is given by

afyab ab ari k=1 v1 v2\ _ ad J,a,b. j,a,b
et = B {alopt, My, 28 v v =l + W) (3.50)

where the mode-conditioned Kalman gains, W,g’a’b, are computed as

w0 = o, for a=0,b=0

b W]g’ap = Plz|k—1 [le’ll [Slz;’l]il O} , for a 7é 0,6=0
wph*? = (3.51)

o .
Wi =Pl [0 HF[SEP], for a=0,b#0

wieb = p,g‘k_lﬂ,g’ [SI]71, for a#0,b#0

i/ -1/ o/
and H] = {H ,Z,’l H ,]c’z } Therefore, the mode-conditioned update of the state estimate

is
j j k—1 1 2 AR b~ j,a,b
Lo - y@,0 ~.7,a,
i = B {aelMi, 2 v vz = 30N gt (3.52)
a=0b=0
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and the covariance of ﬁci‘ L 18

Pj M1 Mo
a=0b=
(a,b)7#(0,0)

Ty M2 jab 7,a,b ,b my m2 J,a,byr-j,a,b 4 b/
ZObZ W v } [Zl)bzoﬁl€7 | Wk’ | VJ,CM] ‘
a= a=0b=

Step 5. Update of mode probabilities(Vj € M,,) :

X . 1 . .
uh=P[MIY*] = Sl A

where C' is a normalization constant such that > ,ui =1.
J

Step 6. Combination of the mode-conditioned estimates(Vj € M,,) :

The final state estimate update at time k is given by
Ty = Zj i"iu#‘i
and its covariance is given by
P = Zj {PZuc + [xi:\k - ik\k} [xgc\k - xkk}/}/ﬂg

3.5 Simulation Example

2k 1:P;f|k,1— ZObZO B]abW]aijaijab + Z Zﬁjabwjab 7,a,b jaijab

(3.53)

(3.54)

(3.55)

(3.56)

The following example of tracking a highly maneuvering target in clutter is consid-

ered.

The True Trajectory: The target starts at location [21689 10840 40] in Cartesian
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coordinates in meters. The initial velocity (in m/s) is [-8.3 -399.9 0] and the target stays

at constant altitude with a constant speed of 400 m/s. Its trajectory is:

a straight line with constant velocity between 0 and 20s,

e a coordinated turn (0.15 rad/s) with constant acceleration of 60 m/s? between 20

and 35s,

a straight line with constant velocity between 35 and 55s,

e a coordinated turn (0.1 rad/s) with constant acceleration of 40 m/s? between 55

and 70s,

a straight line with constant velocity between 70 and 90s.

Fig. 3.2 shows the true trajectory of the target.
The Target Motion Models: The target motion models are patterned after [21]. In

each mode the target dynamics are modelled in Cartesian coordinates as

T = F(L‘k71 + Gvk,1

where the state of the target is position, velocity, acceleration in each of the 3 Cartesian
coordinates (x,y, and z). Thus zj is of dimension 9 (n;=9). Three maneuver models

are considered in the following discussion. The system matrices F', GG, are defined as

F=10 F 0 and G=| 0 G, 0
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e Model 1. Nearly constant velocity model with zero mean perturbation in accel-

eration

and G} =

0

where T is the sampling period. The standard deviation of the process noise of

M?'is 5m/s? (as in [21]).

e Model 2. Wiener process acceleration (nearly constant acceleration motion)

and G =

The standard deviation of the process noise of M? is 7.5m/s? (as in [21]).

e Model 3. Wiener process acceleration (model with large acceleration increments,

for the onset and termination of maneuvers), with F}}

Fb2 and G? = G%. The

standard deviation of the process noise of M3 is 40m/s? (as in [21]).
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The initial model probabilities are uf = 0.8, u3 = 0.1 and p3 = 0.1. The mode

switching probability matrix is given by (as in [21])

P11 P12 P13 0.8 0.0 0.2
P21 P22 po3 | = | 0.0 0.8 0.2
| P31 P32 P33 | | 0.3 03 04

The Sensors: Two sensors are used to obtain the measurements:

e Case 1. Sensor 1 and Sensor 2 are located at [z1,y1, 21]=[-4000 4000 0] m and
[€2, Y2, 22]=[5000 0 0] m, respectively, and the central processor is collocated with

sensor 1 platform.

e Case 2. Sensor 1 and Sensor 2 are collocated at [z1,yi,21]=[-4000 4000 0] m

together with the central processor.

The measurements from sensor [ for model j are 2 = hl(xy) + wi’l for | = 1 and
2, reflecting range and azimuth angle for sensor 1 (radar) and azimuth and elevation
angles for sensor 2 (infrared). The range, azimuth, and elevation angle transformations,

respectively, are given by

1/2

o= {(x—2)’+@y—u)’+ (27} (3.57)
a = tan (y —w)/(z — z)] (3.58)
e = tan"'[(z— 2)/{(@ —=)* + (y— )} (3.59)
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The Jacobian matrices of h!(.) for sensors 1 and 2 are

cos(er)cos(a;) 0 O cos(er)sin(a;) 0 0 sin(e;) 0 0

il _ ¥i  (3.60)
sin (a1) cos (a1)
" ricos (21) 00 71 COS (161) 00 0 00
_ _sin(a) 00 _cos(ag) 00 0 00
9 r2 cos (e2) 72 cos (e2) .
H], —_ VJ, (361)
_W 0 0 _% 0 0 %(2@2) 0 0

respectively. The measurement noise wi’l for sensor [ is assumed to be zero-mean white
Gaussian with known covariances, R'=diag[q;, ¢.1]=diag[400m?49 mrad?] with ¢, and
qq1 denoting the variances for the radar range and azimuth measurement noises, re-
spectively, and R? = diag[qa2, ¢o] = diag[4mrad?, 4mrad?] with ¢, and g, denoting the
variances for the infrared sensor azimuth and elevation measurement noises, respectively.
The sampling interval was T'=1s and it was assumed that the probability of detection
Pp=0.997 for both sensors.

The Clutter: For generating false measurements in simulations, the clutter was as-
sumed to be Poisson distributed with expected number of A\; = 50 x 107%/m mrad for
sensor 1 and Ay = 3.5 x 107%/m? mrad for sensor 2. These statistics were used for
generating the clutter in all simulations. However, a nonparametric clutter model was
used for implementing all the algorithms for target tracking.

Other Parameters: The gates for setting up the validation regions for both the sensors

were based on the threshold y=16 corresponding to a gate probability P5=0.9997.
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Simulation Results: Fig. 3.3 shows the RMSE (root mean-square error) in posi-
tion for the proposed IMM/MSPDAF and the standard sequential IMM/MSPDAF [21]
based on 200 Monte Carlo runs. It is seen that the proposed simultaneous measurement
updating can significantly improve the accuracy of track estimation during the periods
following the onset of the target maneuvers. The first maneuver starts at 20 sec and in
Fig. 3.3 one can see a significant improvement from 22 sec through 26 sec. The second
maneuver starts at 55 sec and in Fig. 3.3 one can see a significant improvement from 58
sec through 59 (in (a) or 60 in (b)) sec. That is, simultaneous measurement updating
responds faster to maneuvers. Once the target is “settled” in a particular mode, there
is insignificant differences between the two approaches. It is also seen that tracking
with separated sensors can improve the accuracy of track estimation compared to using
collocated sensors.

To assess the computational requirements of the two approaches, we computed the
CPU time needed to execute 90 time steps in each run (averaged 100 Monte Carlo runs
excluding data/clutter generation) in MATLAB 6.5 on a 2.8 GHz (Mobile) Pentium 4
operating under Windows XP (professional). The standard sequential IMM/MSPDAF
needs 0.4862 secs (for all 90 time steps) compared to 0.5806 secs required by proposed

IMM/MSPDAF. Thus there is, on the average, a 20.3% increase in computational cost.

3.6 Conclusions

We investigated an IMM /MSPDAF algorithm with simultaneous measurement up-
date for tracking a highly maneuvering target in clutter. A past approach [45] us-

ing parallel sensor processing has ignored certain data association probabilities leading
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Figure 3.2: Trajectory of the maneuvering target (read left to right, top to bottom). (a)
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to an inaccurate implementation. Another existing approach [46] applies only to non-
maneuvering targets. Our proposed approach has extended the multisensor approach of
[46] to maneuvering targets by employing a switching multiple model approach.

The proposed algorithm was illustrated via a simulation example where it outper-
formed a standard IMM/MSPDAF algorithm with sequential updating [21] during the
periods following the onset of the target maneuvers. The simultaneous updating is ex-
pected to be more accurate [12] since it considers all association hypotheses coupled
across multisensor while the sequential updating considers the separate hypothesis for
each sensor. This improvement in accuracy is seen in our simulation example only during
the periods following the onset of the target maneuvers. Once the target is settled in
a particular mode, there is insignificant differences between the two approaches. The
improvement in accuracy comes at the expense of a slight increase (20%) in the compu-

tational cost.

82



CHAPTER 4
MULTISENSOR TRACKING OF A MANEUVERING TARGET IN CLUTTER WITH
ASYNCHRONOUS MEASUREMENTS USING AUGMENTED STATE IMMPDA FILTERING

AND SIMULTANEOUS MEASUREMENT UPDATE

In this chapter, we discuss a suboptimal filtering algorithm for tracking a highly
maneuvering target in a cluttered environment using multiple sensors dealing with pos-
sibly asynchronous (time delayed) measurements. The filtering algorithm is developed
by applying the basic IMM approach, the PDA technique, and asynchronous measure-
ment updating for state-augmented system estimation for the target. A state augmented
approach is developed to estimate the time delay between local and remote sensors. A
multisensor probabilistic data association filter is developed for parallel sensor processing
for target tracking under clutter. The algorithm is illustrated via a highly maneuvering
target tracking simulation example where two sensors, a radar and an infrared sensor,
are used. Compared with an existing IMMPDA filtering algorithm with the assumption
of synchronous (no delay) measurements sensor processing which is presented in Chapter
3, the proposed algorithm achieves considerable improvement (especially in the case of

larger delays) in the accuracy of track estimation.
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4.1 Introduction

We extend our simultaneous measurement update technique presented in Chapter 3
to asynchronous (delayed) measurements problem. In target tracking systems measure-
ments are typically collected in “scans” or “frames” and then transmitted to a process-
ing center [27, 35]. Asynchronous (delayed) measurements arise in a multisensor central
tracking system due to communication network delays, varying preprocessing times at
the sensor platforms and possibly lack of sampling time synchronization among sensor
platforms (see Fig. 4.1).

One of the asynchronous measurement problems is that of out-of-sequence measure-
ments (OOSM) where measurements at various sensors may arrive out-of-sequence (not
in correct time order) at the central processor. OOSM has been considered using IMM
[35, 36, 37]. In this chapter we do not consider OOSM (OOSM scenario is presented in
Chapter 5.) but instead consider “in-sequence” measurements with a fixed-but-unknown
relative time-delay among sensor measurements. Various sensor measurements are as-
sumed to be at the same rate but not necessarily time synchronized. All measurements
over one sampling interval (based on the local clock of the central processor) are collected
at the central processor, attributed to one time instant and processed simultaneously.
We exploit IMM and PDA techniques. It is assumed that a track has been formed
(initiated) and the objective of this work is to investigate fixed-but-unknown relative
time-delay (measurement timing mismatch) arising in a multisensor central tracking
system.

In [26], fixed-lag smoothing techniques have been investigated using IMM algo-

rithm combined with PDA filter in a multiple sensor scenario to propose a combined
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IMM/MSPDAF (interacting multiple model multiple sensor probabilistic data associa-
tion filter). We exploit the basic structure of [21] in combination with a state-augmented
approach to deal with the fixed-but-unknown relative time-delay. In [21] and [45] it is
assumed that the sensors are collocated and (time) synchronized with the sampling rate.
In contrast, the sensor collocation and (time) synchronization are no longer assumed in
this chapter. Also, we use simultaneous measurement updating of the state estimates.
In this chapter, we also extend the multisensor approach of [46] to maneuvering targets
(see Step 4 in Sec.4.4).

This chapter is organized as follows. Sec. 4.2 presents the problem formulation.
Sec. 4.3 describes the state-augmented system approach. Sec. 4.4 describes the proposed
augmented state IMM /MSPDAF (AS-IMM/MSPDAF) algorithm for asynchronous mea-
surements. Simulation results using the proposed algorithm for a realistic problem are
given in Sec. 4.5. Finally, Sec. 4.6 presents a discussion of the results and some conclu-

sions.

4.2 Problem Formulation for Asynchronous measurements

The system dynamics and measurement equation which is synchronized with central
processor are the same as in the problem formulation for the multiple model system in
Chapter 3 (see (3.23)-(3.25)). Hence we do not reiterate them in this chapter. The basic
scenario of multisensor target tracking system dealing with asynchronous measurements
can be seen from Fig. 4.1. Assume that there is a fixed-but-unknown relative time
delay dj between the remote sensor clock and the central processor clock at sample
time t; as shown in Fig. 4.1. This time delay could be due to unsynchronized clocks

at the two locations or due to inherent delay due to congestion, insufficient bandwidth
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Figure 4.1: Target tracking with a fixed-but-unknown relative time delay dy between the
remote sensor clock and the central processor clock at sample time %y,

etc. in the communication link between the remote sensor platform and the central
processor. The measurements from sensor [ are sent to the central processor where all
measurements collected between local sampling interval (tx_1, tx] are attributed to time
tr. The state dynamics and measurements reported from the remote sensor platform at
time ty,, (henceforth will be denoted by kq) to the central processor at time ¢ can be

modeled as (see Sec. 4.5 for some details)
xkdl = ngl,kflxk_l + G"jcdl,kflvifl (41)

and

2 = Wl (agy,) +w] (4.2)

where t, = t; — di; and dj; is the time difference between the sampling time at the

central processor and the measurement time at the local sensor (assume that 0 < dy; < T,
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where T is sampling time), zy,, is the system state at ¢, and of dimension n,, F,zdl b1
and Gidl x—1 are the system matrices when model j is in effect over the timing interval

(tk—1,tk,]. See Sec. 4.5 for a concrete example of these models.

4.3 State-Augmented System

Define the augmented state Ty from xj as

Kl
B
Il
—
=~
w
S~—

where z), denotes the transpose of z3. Assume that there is a fixed-but-unknown delay,
dy;, between the central processor and the remote sensor [ platform. Using the above
definitions (4.1, 4.3) and the measurement delay, di; (see Fig. 4.1), the augmented state

equation may be written more compactly as
Ty = Fli,kqjk—l + Gi,kflvi (4.4)

and

dg = dge—1y + vit, (4.5)

where v,‘fil is a small processing noise assumed to be Gaussian noise with zero mean and

(very) small but nonzero variance. Note that the process noise in (4.4) is vi (not at time

k —1 but at time k). Above equations (4.4) and (4.5) can also be absorbed into another
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augmented state I as

Tk ’Ui

_ _ 1J ~ ~J ~J ~
Ty = = Fj j1Tk—1 + Gk,k_lvk, where ¥

(4.6)

oy

dl
dkl Vk—1

and Fy ;1 and Gy 1 are defined in Sec. 4.5 (see (4.32)-(4.41)). Using the augmented
state (4.6) the counterparts to ((3.24): measurements reported from local sensor) and

((4.2): measurements reported from remote sensor), respectively, are
2k = hl(&) + wl' = hY([I,0,0,0,0]E) + w]’ (4.7)

and

2 = W' (@) +wl' = 10,0, F] 1, GL oy, Olik) +wi (4.8)

for both measurements from local sensor and from remote sensor, respectively. To keep
the notations and details to a bare minimum, we will consider the case of two sensors
only and furthermore, we will assume that one of the sensors is either collocated with or
is synchronized with the central processor, so that we will drop the subscript [ from dg;.
For more than two sensors, we need to augment #j with additional di’s (total ¢ —1): in

essence, these delays are relative to one of the sensors (reference sensor).

4.4 AS-IMM/MSPDAF Algorithm for Asynchronous Measurements

In this section, we now modify the augmented state IMM /MSPDA (AS-IMM/MSPDA)
algorithms of [47] to apply to the multi-sensor asynchronous measurements system. We

confine our attention to the case of 2 sensors; however, the algorithm can be easily
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adapted to the case of arbitrary ¢ sensors. We will only briefly outline the basic steps
in ‘one cycle’ (i.e., processing needed to update for a new set of measurements) of the
proposed AS-IMM /MSPDA filter.

Assumed available: Given the state estimate ii_l‘k_l = E{fck_1|M,Z_1, ZF1,

the associated covariance P/ and the conditional mode probability uiA :=P[M ,Ll |ZF1]

E—1|k—1°
at time k& — 1 for each mode j € M,,.
Step 1. Interaction — mizing of the estimate from the previous time (Vj €

M) -

predicted mode probability:

Mi =P M] A 1 szj,uk 1 (4.9)
mixing probability:
i = PIM_y M7, 28] = pigpil /1] (4.10)
mixed estimate:
Bl iper = BE ML 2 = 3 g (4.11)

covariance of the mixed estimate:

H0J 205 . _
Pk k-1 = R e 1k— = l_xk 1)k— 1 ’Mxi,Zk 1 (4.12)

20j 21 207 L
= Z{Pk 1lk— 1+[$k k=1~ Tt k—1) [Th—1j—1 — Th—1jp—1] .

7
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Step 2. Predicted state and measurements for sensors 1 and 2 (Vj € M,,) :

state prediction:

= j - k- i 200
Typp—r = B{E| M}, Z" '} = Fl_ a5 (4.13)
state prediction error covariance:
J ~ 2] ~ 27 i k—1
Plg|k—1 = E{[a - l’k|k—1][$k - $k|k—1]/|Mlg’ Z"}
~i =g . . o,
= F_ BBl + G @Gy (4.14)

The mode-conditioned predicted measurement for sensor [ is
0= W (- (4.15)
Using the linearized version (4.15), the covariance of the mode-conditioned residual
Vg’l(i) = zfc(i) - éi’l (4.16)
is given by (assume ¢=2, the case of 2 sensors)
st = B OV MY, 25 = BB, Y + R (4.17)

§p% = B POV M, 25y = BB, HEY + RY? (4.18)
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where H ,Z’l is the first order derivative (Jacobian matrix) of h'(.) evaluated at the state
prediction §£|k—1 (see (4.15)). Note that (4.17) and (4.18) assume that zé(i) originates
from the target. The results (4.17) and (4.18) do not depend upon the actual measure-
ments.

As mentioned earlier, since our approach to the problem deals not only with the
asynchronous measurements but also with multiple simultaneous measurements [46, 48]
arising from two separate sensors that are tracking a single target through a common
surveillance region, a method for fusion of multiple measurements has to be devised.
In order to do this, now the combined covariance Si of the mode-conditioned residual
obtained from (4.17) and (4.18) also needs to be considered as follows

atl RYY 0

5 = Pl | B ¥ |+ . (4.19)
=i 2
el 0 Ry

Step 3. Measurement validation and state estimation for sensors 1 and 2
(Vj € My)

Since the measurement validation and state estimation process was well explained in
steps 3 and 4 of Sec. 3.4 for a maneuvering target tracking scenario, we briefly describe
the difference between standard simultaneous measurement update and state-augmented

simultaneous measurement update in this step. Let

S,{J\}.

o = ar max
Ja g {]EM"
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Then measurement zfc(i) (1=1,2,- - -;my) is validated if and only if

16 sjarl o, 1L 1(G sjarl
EAE A B PR (4.20)

where v is an appropriate threshold. The volume of the validation region with the

threshold ~ is

1/2

Vi o= en /2|80 (4.21)
From among all the raw measurements from sensor [ at time k, i.e., Z ,lc = {z,lf(l), 22(2), e
define the set of validated measurement for sensor [ at time k as
(1) 12 1(m
Vi o= (Mgl gy (4.22)
where 7 is total number of validated measurement for sensor [ at time k& and
yi) = (4.23)

where 1< [} <y < -+ < I, < m; when m; #0.

We define the association events (hypotheses) HZ’b as in Eqn. (3.46). Therefore,
there are a total of mimo+m1+mae—+1 possible association hypotheses, each of which has
an association probability. The mode-conditioned association event probabilities ﬂi’a’b
can be defined and computed as in Eqns. (3.44)-(3.48).

Using fui‘kfl (from (4.13)) and its covariance P,z‘k_l (from (4.14)), one computes

the partial update ;:v?dk and its covariance ]%k according to the standard PDAF [21],

except that the augmented state is conditioned on GZ’b with data fusion from sensors 1
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and 2. Therefore, partial update of the state estimate

2 J,a,b ~ b i — 2] j,a,b_ j,a,b

Typ =8 {$k|92 M, Z* 17Yk17Yk2} = 1 + W (4.24)
where the combined mode-conditioned innovations V,z and Kalman gains Wg’a’b, are
computed as (3.49) and (3.51), respectively. Therefore, mode-conditioned update of the

state estimate can be obtained as

m1 mo
2J ~ i k—1 w1 2 j,a,b2J,a:b
Ty = E {xk|MJa Z7 Y Yy } =3 > B E (4.25)
i=0 b=0
and covariance of %?d r can be obtained as
- - m1 Mo . . . . , m1 Mo . . . . , . ,
Pg“c — P]g“c_l _ Z Z ﬁi,a,bWIg,a,bSé,a,ng,a,b + Z Z ﬁi,a,bWIg,a,bV]]v,a,byi,a,b W]g,a,b
a=0b=0 a=0b=0
- (ab)#(0,0) o )
R pegenind] 3 B gprpgetnies]
a=0b=0 a=0b=0
(4.26)
Step 4. Update of mode probabilities (Vj € M,,) :
j . ikl = L i
i = P M]| 2" = ahh AL (4.27)
where C' is a normalization constant such that > ,u,i =1
J
Step 5 Combination of the mode-conditioned estimates (Vj € M,) :
The final augmented state estimate update at time k is given by
S 27 i
Tklk = Zj mk|kﬂi (4.28)
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and its covariance is given by
~ ~j 2] S 2] S / j
Py = Zj Py + [xk\k - xk\k} [ﬂfk\k - xk\k} - (4.29)

From the final augmented state (see (4.28)), the state filtered vector Z;, and the state

smoothing vector Z_1);, can be easily obtained.

4.5 Simulation Example

The following example of tracking a highly maneuvering target in clutter is consid-
ered. The target starts at location [21689 10840 40] in Cartesian coordinates in meters.
The initial velocity (in m/s) is [-8.3 -399.9 0] and the target stays at constant altitude
with a constant speed of 400 m/s. Its trajectory is a straight line with constant velocity
between 0 and 20s, a coordinated turn (0.15 rad/s) with constant acceleration of 60
m/s? between 20 and 35s, a straight line with constant velocity between 35 and 55s, a
coordinated turn (0.1 rad/s) with constant acceleration of 40 m/s? between 55 and 70s,
and a straight line with constant velocity between 70 and 90s. The target motion models
are patterned and modified after [21]. In each mode the target dynamics are modeled in
Cartesian coordinates as

Fr = F i+ Gy, 7] (4.30)
j}kdl = F]Zdl,kflj}k_l + éidl,kflﬁ‘]i (431)

where the augmented state of the target consists of position, velocity, acceleration, and
the process noise in each of the three Cartesian coordinates (z,y, and z) at ¢ and t;_1

as well as the delay time dj, at t;. Thus both &) and Zj,, are of dimension 25 (n, = 25).
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Three maneuver models are considered in the following discussion. The system matrices

FkJﬁ_l, Gk,k—la dez,k—l and dez,k—l are defined as

Ao
Fk,k—l =
0 I
=i Flgdz,kfl 0
dez,kfl =
0 I
where
I
Fk,k—l =
I
J
—j kaik—1
delvk_l -
I
L] A
Fk,k—l =
0
= F]gdlak_l
del,k—l =
0
Fi 0 0
Fipi=|0 Fi 0
0 0 FJ

95

L e o
5 Grr_1=
0 I
~j Gidz,kfl 0
? dehk*l:
0
o] [ dl
) Gk,k—lz
0 0
0 ~i Gidl,k—l
’ dehk—l:
0 0
Gl |
) Gk,k—lz
0
Gi‘dl,k—l = 0
’ delvk_lz
0 I
G0 0
. Glea=10 G 0
0 0 &9

(4.32)

(4.33)

(4.34)

(4.35)

(4.36)

(4.37)

(4.38)



Fl 0 0 G50 0
F;ﬂdl,k_l = 0 Fé 0 ) G‘]]‘?dlvk_l = 0 Gé 0 . (4.39)
0 0 Fj 0o 0 &

Model 1. Nearly constant velocity model with zero mean perturbation in acceler-

ation ) ) ) )
1 T 0 r
Ft=|0o 10|, G=|1], (4.40)
(0 0 0| 0
1 T—dy) 0] _ (L=d)” _
Fi=lo 1 0|, Gi=|@-d |- (4.41)
0 0 0 0

where T is the sampling period. The standard deviation of the process noise of M is 5

m/s? (as in [21]).

Model 2. Wiener process acceleration (nearly constant acceleration motion)

i} ] e ]
17 Z L

F? = G? = 4.42
o1 T |, T |, (4.42)
0 0 1 1
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Fi=|lo 1  (T—dy|> Gi=|@-a) | (4.43)

The standard deviation of the process noise of M? is 7.5 m/s? (as in [21]).
Model 3. Wiener process acceleration (model with large acceleration increments, for the
onset and termination of maneuvers), with F3 = F?, G3 = G?, F3 = F7 and G5 = G2.
The standard deviation of the process noise of M3 is 40 m/s? (as in [21]).

The initial model probabilities are uy = 0.8, 2 = 0.1 and p3 = 0.1. The mode

switching probability matrix is given by (as in [21])

P11 P12 P13 0.8 0.0 0.2
p21 p22 p2s | = | 0.0 0.8 0.2 |- (4.44)
| P31 P32 P33 | I 0.3 0.3 04 |

The Sensors: Two sensors are used to obtain the measurements. Sensor 1 and Sensor
2 are located at [z1,y1, 21]=[-4000 4000 0] m and [z2,y2, 22]=[5000 0 0] m, respectively,
and the central processor is collocated with sensor 1 platform (we assume that there is
no time delay between sensor 1 and central processor and there is fixed-but-unknown
time delay between sensor 2 and central processor). The measurements from sensor [ for
model j are zL = hl(zy) + wi’l for [ = 1 and 2, reflecting range and azimuth angle for

sensor 1 (radar) and azimuth and elevation angles for sensor 2 (infrared). The range,
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azimuth, and elevation angle transformations, respectively, are given by

1/2

no= {@-a)’+@-w+Gz-2a)?% (4.45)
a = tan"'[(y —u)/(z — )] (4.46)
o = tan (2 — 2)/{(@ — ) + (y — )2} ). (4.47)

As we see from (3.23), (3.24), (4.1) and (4.2), the measurements obtained from sensors

1 and 2 can be expressed as

2t = hY([1,0,0,0,0]Z;) + w; (4.48)

%= h2([0,0,F] 1, Gl o1, 01&) + wh. (4.49)

The Jacobian matrices of h for sensors 1 and 2 are

i { Hil 0y01g } (4.50)

and

io L o
HY —[02X12 Hj’zFlgd,k—1 HLQGi‘d,k‘—l Hd} (4.51)

where

' cosejcos(a;) 0 0 cos(ep)sin(a;) 0 0 sin(e;) 0 O
gl — (4.52)

sin (a1) 0 0 cos (a1) 0 0 0 0 0

" ricos(e1) r1 cos (e1)
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sin (ag) cos (az)
9 " rocos (262) 00 71 COS (262) 00 0 0
HI? =
__sin (e2) cos (a2) 0 0 __sin (e2) sin (a2) 0 0 cos(e2) 0 0
T2 T2
ool d fi1 — o dge
H; =
Cosr262)dilk‘kfl . Sinr(2€2)d§k|kfl
where
2 2(17) 5 ,2(18) 5\ 2(23)
dfpe—1 = —[Thpo1 + (T — di)Tppp—y + (T — dip) Tp—y
~ ~(14) ~ 2 (15) a2 (22)
dike—1 = —[Tpp—r + (T = dp)Tppy + (T — di) Ty
o 2(20) 5\ 2(21) 5\ 2(24)
dhi—1 = —[Zgpr + (T — di) Ty + (T — di) T
R . -9 ) -1/2, . 2 N 2
dSke—1 = 2(0kp—1 + fip—1)  Grp—1 + frp—1)(ddrp—1 + dfrp—1)
~ 2 A 2
; 2 (16) s 207 (T —dg) ~as) | (T —di) ~23)
Se—1 = Tppor + (T — di) Ty 5 Tkk-1t T Tkl
52 52
. 2 (13) i) (T —dg) 25 | (T —di) ~(22)
Jklk—=1 = Tgg—1 T (T - dk)$k\k—1 2)$k|k—1 T*Tklk—l'

(4.53)

(4.54)

(4.55)
(4.56)
(4.57)

(4.58)

(4.59)

(4.60)

. il . . . .
The measurement noise wi’ for sensor [ is assumed to be zero-mean white Gaussian with

known covariances, R' = diag[q,, ¢,1] = diag[400 m?,49 mrad?] with ¢, and ¢,; denoting

the variances for the radar range and azimuth measurement noises, respectively, and R?

= diag[qa2, ge] = diag[4 mrad? 4 mrad?] with g,2 and g. denoting the variances for the

infrared sensor azimuth and elevation measurement noises, respectively. The sampling
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interval was T'=1s and it was assumed that the probability of detection Py=1 for both
Sensors.

The Clutter: For generating false measurements in simulations, the clutter was assumed
to be Poisson distributed with expected number of A\; = 13x 107%/m mrad for sensor
1 and Ay = 7 x 107*/mrad? for sensor 2 [21, case 1]. These statistics were used for
generating the clutter in all simulations. However, a nonparametric clutter model was
used for implementing all the algorithms for target tracking.

Other Parameters: The gates for setting up the validation regions for both the sensors
were based on the threshold v = 16. With the measurement vector of dimension 2, this
leads to a gate probability Pz = 0.997 (see [12, pages 95-96]).

Simulation Results: The results were obtained from 100 Monte Carlo runs. Fig.
4.2 shows the true trajectory of the target. Fig. 4.3 shows the delay estimates (given
unknown but fixed timing mismatch between the two sensors) based on 100 Monte
Carlo runs. Fig. 4.4 shows a comparison between the performances of the filtered
state and the smoothed state (lag = 1) obtained from the state-augmented system (in
position, velocity, and acceleration). It is seen from Fig. 4.4 that the smoothed state
shows better accuracy than the filtered state as well described in [47]. Fig. 4.5 shows a
comparison among the performances of the proposed augmented state IMM /MSPDAF
(AS-IMM/MSPDAF) algorithm dealing with asynchronous measurements with unknown
but fixed dj, with known dj, and the standard IMM/MSPDAF algorithm [38] with the
assumption that dp=0 always applies. Note that we apply “simultaneous measurement
update” technique for all algorithms to get fair performance comparison. Table 4.1
shows the performance comparison between the proposed AS-IMM /MSPDAF algorithm

dealing with asynchronous measurements with unknown but fixed dj and the standard
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Figure 4.2: Trajectory of maneuvering target (read left to right, top to bottom). (a)

Position in zy plane. (b) x and y velocities. (c) x and y accelerations. (d) magnitude of
accelerations

IMM/MSPDAF algorithm with the assumption that di=0. It is seen from Table 4.1 that
the standard IMM/MSPDAF algorithm [38] suffered from track losses (from 2 to 86 out
of 100 Monte Carlo runs) whereas the proposed AS-IMM/MSPDAF algorithm performed
well in all 100 Monte Carlo runs. It is seen from Fig. 4.5 and Table 4.1 that when the
unknown but fixed timing mismatch d is more than one fifth of the sampling time, the
performance improvement is significant compared with the standard IMM/MSPDAF

algorithm [38] that ignores the time-delay dj, (i.e., assumes it to be zero).
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sampling rate). Solid: estimated delay d; dashed: fixed delay d.
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Figure 4.5: RMSE in position using IMM /MSPDAF for various delay values (read left to

right, top to bottom). (a) d=0. (b)d=0.17" (¢)d=0.37. (d) d=0.5T". (e) d =0.7T.

(f) d = 0.97. Unless otherwise stated, the results are for filtering. Solid: proposed AS-

IMM/MSPDAF; dotted: proposed AS-IMM/MSPDAF (smoothing); dash-dot: standard

IMM/MSPDAF [38]; dashed: proposed AS-IMM/MSPDAF with the knowledge of dj.
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| Unknown but fixed delay, d [ 0.0 | 0.17 | 0.37 [ 0.5T | 0.7T | 0.9T |
proposed AS-IMM/MSPDAF | 0 0 0 0 0 0
standard IMM /MSPDAF [38] | 0 0 2 4 27 | 86

Table 4.1: Simulation Results: No. of lost tracks obtained from 100 Monte Carlo runs
for fixed-but-unknown dj

4.6 Conclusions

We investigated an augmented state IMM /MSPDAF algorithm with asynchronous
measurement (there is unknown but fixed timing mismatch between sensor platforms)
for tracking a highly maneuvering target in clutter. Simultaneous measurement update
technique is applied for better data association. The proposed AS-IMM/MSPDAF algo-
rithm was illustrated via a simulation example under various scenarios of known delay,
estimated delay and ignoring delay, for various delay values.

Using the proposed AS-IMM/MSPDAF algorithm, the smoothed estimate Zj_
can be easily obtained from the augmented state estimate %kl r and the smoothed estimate
always shows better performance (in terms of RMS error) than the filtered estimate
Z_1jg—1- The performance comparison between the proposed algorithm dealing with
unknown but fixed dj and the standard IMM/MSPDAF algorithm [38] that ignores dy
shows that while the proposed AS-IMM/MSPDAF algorithm performed well in all 100

Monte Carlo runs, the standard IMM /MSPDAF algorithm [38] suffered from track losses.
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CHAPTER 5
MULTISENSOR TRACKING OF A MANEUVERING TARGET IN CLUTTER WITH
ASYNCHRONOUS AND POSSIBLY OUT-OF-SEQUENCE MEASUREMENTS USING
AUGMENTED STATE IMMPDA FILTERING AND SIMULTANEOUS MEASUREMENT

UPDATE

In this chapter, a suboptimal filtering algorithm for tracking a highly maneuvering
target in a cluttered environment using multiple sensors dealing with possibly out-of-
sequence measurements (OOSM) and a fixed relative time-delay among sensor platforms
is presented. The filtering algorithm is developed by applying the basic IMM approach,
the PDA technique, and OOSM updating for the target. A state-augmented approach is
developed to improve tracking performance with the possible presence of OOSM. A mul-
tisensor PDA filter is developed for parallel sensor processing for target tracking under
clutter. The algorithm is illustrated via a highly maneuvering target tracking simulation
example where two sensors, a radar and an infrared sensor, are used. Compared with an
existing IMMPDA filtering algorithm with in-sequence only sensor processing, the pro-

posed algorithm achieves considerable improvement in the accuracy of track estimation.

5.1 Introduction

In a multisensor central tracking system measurements are typically collected in
“scans” or “frames” and then transmitted to a processing center [27]. The state equations

are usually defined in continuous time and then discretized because the measurements
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are obtained in discrete time - the sensor provides a “time stamp” with each measure-
ment. In multisensor tracking systems that operate in a centralized manner [12, 44], i.e.,
the processing of the measurements from all sensors is done at a single center, there are
usually different time delays in the arrival of the measurement data from the various sen-
sors to the center. This can be easily seen to lead to situations where measurements from
the same target arrive out of sequence. Such “out-of-sequence” measurement (OOSM)
arrivals can occur even in the absence of scan/fram communication time delays, as dis-
cussed in [12]. In this system the processing of the measurement data from all the
sensors is done at a single center, then there usually different time delays in the arrival
of measurement data from different sensors to the central processor. This can possibly
lead to situations where measurements from the same target arrive not in correct time
order. This out-of-sequence measurements (OOSM) arrivals can occur due to communi-
cation network delays, varying preprocessing times at the sensor platforms and lack of
sampling time synchronization among sensor platforms [35, 36]. The optimal solution
for OOSM has been considered by Bar-Shalom in [35, 36, 37| for single measurement
delay (1-step-lag case) and in [49] for multiple measurement delay (multistep-lag case).
In this chapter we exploit IMM and PDA techniques. It is assumed that a track has
been formed (initiated) and the objective of this work is to track a single maneuvering
target in clutter arising in a multisensor central tracking system.

We exploit the basic structure of [21] in combination with a state-augmented ap-
proach to deal with OOSM. In [21, 45] it is assumed that the sensors are collocated
and (time) synchronized with the sampling rate. In contrast, the sensor collocation and
(time) synchronization are no longer assumed in this chapter. Also, unlike [21, 47, 25]

which have used sequential updating of the state estimates with measurements, we use
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parallel updating of the state estimates with measurements as mentioned in [38]. Ref.
[50] extends the state-augmented approach of [38] to deal with asynchronous measure-
ments for the maneuvering target tracking in clutter, however, it is limited to in-sequence
measurements only. The state-augmented approach for target tracking in clutter with
OOSM has been proposed in [51], however, it is limited to non-maneuvering target only.
The maneuvering target tracking in clutter with OOSM problem using state-augmented
approach combined with IMM and PDA has been proposed in [52]. In this dissertation,
we extend the state-augmented approach of [52] to simultaneous measurement update,
while allowing for lack of timing synchronization.

This chapter is organized as follows. Sec. 5.2 presents the modeling assumption. Sec.
5.3 presents the problem formulation. Sec. 5.4 describes the state-augmented system
approach. Sec. 5.5 describes the proposed IMM/MSPDAF parallel detection fusion
algorithm for OOSM. Simulation results using the proposed algorithm for a realistic
problem are given in Sec. 5.6. Finally, Sec. 5.7 presents a discussion of the results and

some conclusions.

5.2 Modeling Assumptions

In this chapter we consider asynchronous measurements with possibly OOSM. We
extend our AS-IMM/MSPDAF algorithm discussed in Chapter 4 to deal with possi-
bly out-of-sequence measurements (OOSM) in an asynchronous measurements scenario.
Unlike AS-IMM/MSPDAF algorithm discussed in Chapter 4 which deals with fixed-but-
unknown delay, we assume that there is a “fixed-and-known” relative time delay between
the remote sensor clock and the central processor clock in this chapter. Our approach

assumes as the following:
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e Only two sensors were considered - more than two sensors also can be easily im-

plemented by defining additional data association events (hypotheses).

e Various sensor measurements are assumed to be at the same sampling rate but not

necessarily time synchronized.

e Measurement data over one sampling interval (based on the local clock of the
central processor) are collected at the central processor, attributed to one time
instant and processed simultaneously. (Central processor can distinguish OOSM

out of measurement data by checking the “time stamp” of each measurement.)

e A sensor is called a local sensor when its platform is collocated with the central

processor and there is no time delay between local sensor and central processor.

e A sensor is called a remote sensor when its platform is located at a distance from
the central processor and there is possibly a “fixed-and-known” relative time delay
between the remote sensor clock and the central processor clock at sample time
tr. (This time delay could be due to unsynchronized clocks at the two locations or
due to inherent delay due to congestion, insufficient bandwidth, etc., in the com-

munication link between the remote sensor platform and the central processor.).

e The measurement data arriving from remote sensor at any time k has a probability
P, of being delayed and delay is uniformly distributed with a maximum time delay

less than or equal to 7' (T' = sampling rate).

e Measurements arriving from remote sensor are either in-sequence but delayed or

OOSM.
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e OOSM can occur even in the absence of time-delayed scan/frame communication.
(It includes the possibility that there is no measurement arrival from remote sensor

to central processor.).

e The maximum time delay between the remote sensor clock and the central processor

clock is 17'.

5.3 Problem Formulation

We assume that the target dynamics can be modeled by one of n hypothesized
models. The model set is denoted as M,, := {1,---,n} and there are total g sensors.
The event that model j is in effect during the sampling period (tx—1,tx] is denoted by

M.

5.3.1 Target Dynamics

For the jth hypothesized model (mode), the state dynamics are modeled as
T = Flz,k—lxk—l + Gi,kflvifl (5.1)

where x}, is the system state at t; and of dimension 7, F,ik_l and Gi7k_1 are the system
matrices when model j is in effect over the sampling period (tx_1,tx]. The process noise
vi;l is a zero-mean white Gaussian process with covariance matrix Qifl. At the initial
time tg, the initial conditions for the system state of target under model j is assumed
to be Gaussian random variables with the known mean :E% and the known covariance
Pg . The probability of model j at %, ,u% = P[Mg], is also assumed to be known. The

switching from model M 12—1 to model M ,g is governed by a finite-state stationary Markov
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chain with known transition probabilities p;; = P[M. ,g]M ;). Henceforth, time #;, will

be denoted by k.

5.3.2 Measurements

We consider two sensor target tracking scenario. One of the sensor is the local sensor
(say sensor 1) and the other is the remote sensor (say sensor 2). The measurements
from each sensor are sent to the central processor where all measurements collected
between local sampling interval (fx_1, x| are attributed to time ¢ (see Fig. 5.1). The

measurements are modeled as follows.

Measurements for local sensor (sensor 1)

zp = hl(xp) + w%’l (5.2)

where 2} is the (true) measurement vector (i.e., due to the target) at sensor 1 at t; and
of dimension n,1, k' is the nonlinear transformation of xj, to z,i for model j. A first-order

linearized version of (5.2) is given by

7= H,Z’lsck + fw,;’l (5.3)

.1 . . . .
where H ,f/, is the Jacobian matrix of hl evaluated at some value of the estimate of state
. 11 . . .
x (see Sec. 5.4). The measurement noise wi’ is a zero-mean white Gaussian process

with covariance matrix Ri and is mutually uncorrelated with the process noise vj,_;.
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Figure 5.1: Asynchronous measurements: In-sequence but delayed measurements and
out of sequence measurements (OOSM) in multisensor tracking system

Measurements for remote sensor (sensor 2)

We assume that there is a fixed-and-known relative time delay dj; at sample time
t between the remote sensor clock and the central processor (local sensor) clock at
sample time t;. Noting that the central processor can distinguish between OOSM and
in-sequence-but-delayed measurements, the measurements arriving from remote sensor
must be either in-sequence-but delayed measurements or OOSM. Therefore the measure-
ments reported from the remote sensor platform at time ¢, (henceforth will be denoted

by kqi) to the central processor at time t;, can be modeled as (see Fig. 5.1)

22 = h%(wp,) + w] 2 (5.4)
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where (as in Sec. 4.2)
xkdl = ngl,k—lxk_l + G‘]]Cdl,k—l,ui]—l’ (55)

72 is the (true) measurement vector (i.e., due to the target) at sensor 2 (see (5.6)), zx,,
is the system state at ¢, and of dimension n,, F] gdlak—l and Gi:dl,k—l are the system
matrices when model j is in effect over the timing interval (ty_1, tx,,].

To process equation (5.4) for the delayed measurement from the remote sensor at
the central processor, one has to consider all the possible data interpretations ¥. Define

a related set of mutually exclusive and exhaustive data interpretations ¥ as follows:

e Uyi: Both in-sequence measurements and OOSM arrive from sensor 2 at the central

processor at time k, and 22 = {22,27 ,},

e Uy): Only in-sequence measurement arrives from sensor 2 at the central processor

at time k, and 27 = {27},

e Uy: Only OOSM arrives from sensor 2 at the central processor at time k, and

él% = {Z]%,I},

e Uy: No measurement arrives from sensor 2 at the central processor at time k (due

to absence of scan/frame), and Z7 = empty

where z7 is the (true) measurement vector (i.e., due to the target) at sensor 2 at time

kq;, and Zl%—l is the (true) measurement vector at sensor 2 at time kg — 7. Then (5.4)
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can be rewritten as

2
z
b y for \I/H
Zg—1
7= 2, for ¥y (5.6)

2]3,_1, for \I/()l

no measurement, for Wyq.

5.4 State-Augmented System

Define the augmented state Zj from xj as

j;c = [xizavllcax;c—lavllc—bx;c—%U;C—Q] (57)

where ), denotes the transpose of zj. Assume that there is a fixed-and-known delay,
di;, between the central processor and the remote sensor [ platform. Using the above

definitions and (5.1), the augmented state equation may be written more compactly as
T = Fpy@r-1 + Gy (5.8)

- R 5 j
Thy = Fk-dl’k,lxk‘—l + del,kflvkdl (59)

where Fiﬂk_l, éi’k_l, F]gdl;k—l’ and C?idl,k_l are defined in Sec. 5.6 (see (5.53)-(5.60)).
Note that the process noise in (5.8) is vi (at time k, not at time k& — 1). Using the

augmented state (5.7) the counterparts to (5.2) and (5.4), respectively, are

2 = h(F) + wit = h([1,0,0,0,0,0]F) + w)’ (5.10)
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and

22 00F.G7 00 wh?
F = h? @ d% @ + k ,  for Wy
2, 0000 F3,G7, wl?,
2= =r00FG, 00|z +ul’ for Uy (5.11)

2 = h?[o 000 FJ Gg‘ﬂ] F+wl?,  for Wy

no measurement, for Wgq.

The following notations and definitions are used regarding the measurements at sensor [.
Note that, in general, at any time some measurements may be due to clutter and some
due to the target, i.e., there can be more than a single measurement at time k at sensor
[ (I =1,2). The measurement set (not yet validated) generated by sensor [ at time k is

denoted as

zt = {zé(l), 22(2), e zi(ml)} (5.12)

where m; is the number of measurements generated by sensor [ at time k. Variable zi(i)
(i = 1,--+,my) is the ith measurement within this set. The validated set of measurements

of sensor [ at time k£ will be denoted by Ykl, containing m; (< my;) measurement vectors.

The cumulative set of validated measurements from sensor [ up to time k is denoted as

The cumulative set of validated measurements from all sensors up to time k is denoted

as

ZF = (YD) yk@) L yk@)y (5.14)
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where ¢ is the number of sensors.

Our goal is to find the state estimate
Ty, o= B{| 2"} (5.15)
and the associated error covariance matrix
Py, = E{[x — Tyl [ — Zp1)' 127} (5.16)
where 2}, denotes the transpose of .

5.5 IMM/MSPDAF Algorithm for Asynchronous and Possibly Out-of-Sequence

Measurements

We now modify the IMMPDA algorithms of [47] and [25] to apply to the multi-
sensor asynchronous measurements system. We confine our attention to the case of 2
sensors; however, the algorithm can be adapted to the case of arbitrary ¢ sensors. We
will only briefly outline the basic steps in ‘one cycle’ (i.e., processing needed to update
for a new set of measurements) of the IMM /MSPDA filter.

Assumed available: Given the state estimate a::i,”k,l = E{izk,ﬂMgfl, ZF11 ) the

associated covariance }5]3_ and the conditional mode probability ui_l = P[M Z_l | ZF1]

k=1
at time k£ — 1 for each mode j € M,,.

Step 1. Interaction — mixing of the estimate from the previous time (Vj €

M) :
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predicted mode probability:

up = PIMJ| 2 pruk . (5.17)
mixing probability:
W= PIML M, 257 = pg (5.18)
mixed estimate:
Bl aper = BE M2 = Y (5.19)

covariance of the mixed estimate:

507 207 205 j -
Pligor = E{[iﬁk 1= Tl lEho1 — By [M], ZF 1} (5.20)

X 0 .
= Z{Pk 1k— L+ [ 1k— i kel Fr_apo1 — Tpappa] }M'J.

)

Step 2. Predicted state and measurements for sensors 1 and 2 (Vj e M,) :

state prediction:
23 k-1
Thp—1 = E{&y| M}, z" 'y = F] 15% 1)k—1- (5.21)
state prediction error covariance:

Plg|k o= B{[E - 327?«|k—1”575k - %mfﬂ/‘M]v ZF1)

117



.y G
- F,B 1)k— 1Flgl+Gk 1@ Gy (5.22)

The mode-conditioned predicted measurements for sensors 1 and 2 are

g o= hl(xk|k 1), (5.23)

52
k|k—1
| for \1’11

~7,2
2 1lk—1

:'72 2] AA72
22y (‘rgﬂkfl) - ey for Wi (5.24)

27,2
Zk: 1k—1 for \1101

no measurement for Wyg.

Using the linearized version (5.3) and (5.4), the covariance of the mode-conditioned

residual

U (R (5.25)
2(7‘)_’\772
2k Pklk—1 for Wy
2r) 452
Zl—1 Z£—1|k—1
o ' y ol
g2 2 g L 20 g for Wy (5.26)

0, for \Ifo()
are given by
Sit = B Y My 2 = B, Y + Ry (5.27)
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] R0

Plglk—l [ ]{[]Jﬂﬂl E]}Jgfll :| -+ R for \1111

73,2 j,2

} i, 0 R,

ST = (5.28)
(7732 DJ 77,2 j,2

I‘I]]C Pk]|k71HlJ€ + R , for Wqg

702 Bi i pi2
Hy 2 P 2y + B2y, for Wy

where H ,Z’l (H ,ﬁl) is the first order derivative (Jacobian matrix) of h'(.) evaluated at the

state prediction :%i‘k_l (ii_l‘k_l). Note that (5.27) and (5.28) assume that z,i(i), zz(i),

(_T% originate from the target. The results (5.27) and (5.28) do not depend upon

and z,z
the actual measurements.

As mentioned earlier, since our approach to the problem deals with the OOSM as
well as multiple simultaneous measurements [46, 48] arising from two separate sensors
that are tracking a single target through a common surveillance region, a method for
fusion of multiple measurements has to be devised. In order to do this, now the combined

covariance of the mode-conditioned residual obtained from (5.27) and (5.28) also needs

to be considered as follows

3,1(3)

, v o oy ;

S, = E ~k2(-) Vi’l(z) Vi’Q(”) |M7, ZF1 (5.29)
J7 Z7T
Vi
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- B '71 - r '71 -
H] Ry 0 0
e | [ m w2 e om0 | e
77,2 2
L Hljf—l i L 0 0 R{c—l ]
m| R o
- | Bl [ o H)? } + | for W (5.30)
2 0 R
k k
mr | R0
Plg|k—1 { lEI]Jf}l/ E[ljcz/l ] + , for Wgy
~ -’2 ‘72
A, 0 RP,
HJ 1PJ ijll + Rj’l f i
klk—111k k or % 00-

Step 3. Measurement validation for sensors 1 and 2 (Vj e M,) :
There is uncertainty regarding the measurements’ origins. Therefore, we perform
validation for each target separately. One sets up a validation gate for sensor [ centered

at the mode-conditioned predicted measurement, ékl Let (JA| = det(A))

- 7,2
ja = arg { m/z\l/lx } and j, := arg {]Iél/%/l}i ’Skl‘} . (5.31)

Then measurement zi(i) (zz(_ri) is validated if and only if

1G) _ sdasyrf gdaddy ™1 16 _ sias i) _ ga271glas2) 10 _ sda,
A0 1S O — s < (0 s Y - <o) 632

120



where v is an appropriate threshold. The volume of the validation region with the

threshold v is [12, Sec. 2.3.2]

l._ N,1/2 Jasl
Vi o= ey ‘Sk

1/2 . 5 911/2
(Vk21 = CpLyY z2/2‘Si!?‘ ) . (5.33)

After performing the validation for each target separately, we deal with all the validated
data for measurement fusion.

Step 4. State estimation with validated measurement from sensors 1 and 2

(Vi € My) :

W1 _(2)
k

From among all the raw measurements from sensor [ at time £, i.e., Z,lc ={z 2,
define the set of validated measurements for sensor [ at time k as
vh= (g ™)y (5.34)
where my; is total number of validated measurements for sensor [ at time k and
g o= (5.35)

where 1< 1y <y < -+ <y, < my when m; #0. From among all OOSM from sensor 2

measured at time k —1, i.e., Z2 | = {zz(_lf, zZ(_zf, e ,zi(_wfg)}, define the set of validated
measurements for sensor 2 at time k — 1 as
2(1)  2(2 2(mg)
Yk2—1 = {ykgia yk£i> e 7yk:7112 } (536)
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where mj$ is total number of validated measurements for sensor 2 at time k£ — 1. Hence

any single measurement arriving at the central processor can be categorized into one of

Y}, Y2 or Y2 ;. Define the association events (hypotheses) HZ’b’c for all measurement

data arriving at the central processor at time k as follows

«92’0’0: none of the measurements in Ykl, Yk2 or Ykz_l is target originated, a = b =
c=0,

9,‘;’0’0: only yi(a) in Yk1 is a target measurement, all other measurements in Ykl, Y,f
or Y,f_l are clutter,a=1,---,m1, b=c =0,

92’b’0: only yi(b) in Yk2 is a target measurement, all other measurements in Ykl, Yk,z
or Y,f_l are clutter,a=c=0,b=1,---,mg,

QZ’b’O: y;(a) and yi(b) in Yk1 and Y,f, respectively, are target measurements, all other
measurements in Ykl, Yk2 or Yszl are clutter,a=1,---,m1,b=1,---,mg, c=0,

(c)

0,0,c, 2 . 2 - : 1
0,7 only .1 in Y}7 | is a target measurement, all other measurements in Y}/,

Yk2 or Y,f_l are clutter,a =b=0,c=1,---,m3,

HZ’O’C: y,i(a) and y,z(_? in Ykl and Y,f_l, respectively, are target measurements, all
other measurements in Ykl7 Yk2 or Yk{l are clutter, a = 1,---,m1, b=0, ¢ =
1,---,mg,

Gz’b’cz yi(b) and yi(_ci in Ykz and Ykz_l, respectively, are target measurements, all
other measurements in Y)!, Yk2 or Y,f_l are clutter, a = 0,b = 1,---,mo , ¢ =
17 9 mga
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o GZ’b’C: yl(a), yk() and yi(_ci in V!, V2 and Y2 |, respectively, are target mea-

surements, all other measurements in Ykl, Yk2 or Y,f_l are clutter, a = 1,---,mq,

b=1,---,mg, c=1, - m3.

Therefore, there are a total of mimaom§+mima+maoms+mims+mi+mo+ms+1 possible
association hypotheses, each of which has an association probability. Define the mode-

conditioned association event probabilities as
BrObe = PLOVY MY Y Y2 YR, 2R (5.37)

Exploiting the diffuse model for clutter in [12, 21], it turns out that

6J000 (I_PD1PG1)(1_PD2PG2)2

vy s o e b=e=0

Po, (1—PD2 Pe, )2N [V]]C',l(a);&si,l]

(Vkl)ﬁzl—lml ’

j7a7070 _
B =0C

a=1,---,m1, b=c=0

Pp, (1*PD1 PG1)(17PD2 Pa, )N [1’272@)?0’5?2}

j707b70 _ _ B
ﬂk - (VQ)mQ Ty s (1—07 b= ]_’. , Mo, c=0
7,0,0,0 _ P 1 Ppy (1=Ppy Py )N [ﬂj(a’bﬁ);O»Sd
/8 (Vkl)’ﬁH* (V2)m2 1m1m2 3 a:l,...7m1’ b:l,...7m2, CZO
7,0,0,¢ (I_PDlpcl)(I_PDQPGQ)PDQN[Vifgc)§O,Sifl} =0
ﬁk;” :C (V2 )m 17”_/LO ’ a:b:O) Czla , Mo
2
4,a,0,¢ Ppy Ppy (1=Pp, Pay )N [Dj(“’o’c)ﬂﬁi’a’c} - — 0
6}@ = (Vhm-1(vz 1)m2—1m1 , a=1,---;mq, b=0, 021,'-‘7m2
2 ~§(0,b,¢)  Gisbic
7,0,b,¢ PDQ(l_PDlpcl )N[Vk ,O,Si Fil ~ = 0
ﬁk =C (V2)ym2—1(y2 )ﬁzgflm o ) a:O, b:l,...ij, c:l’...7m2
k k—1 2My
~j(a,b,c) ~ &j,a,b,
j7a‘7b7c PD1 P%2N|:Vk 70’Si;a Cj| o 7 O
/6 B a_l’ mi, b_l’ , M2, C—la 7m2

(VM= (v2)m2 = (V2 ) ™2 by mamg
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where Pp, and Pp, are the detection probabilities that the sensors 1 and 2 detect the
target, respectively, Pg, and Pg, are probabilities the target is in the validation region
observed from sensors 1 and 2, respectively, C is a normalization constant such that

_ _ 1 . .
S Sme s 3500¢ — 1 g The mode-conditioned combined innovations 7 can be

defined as
I R 0 I
ﬂlz}(a’bvo) — , I;].Z:(avouc) — ' , ﬂi(()’b)c) — ,
_ V;Q(b) _ V}Jﬁ(f) Viﬂ(f)
i V;Z’l(a) i (5.39)
ﬁi(a,bﬂc) _ VZ’Q(b)
R
The likelihood function for each mode j is
A, = p [Yklayk2ayk2—1‘MgaZk_l]
iy iy M )
= 23> p WLV YE LMY, 2 (5.40)

a=0b=0c=0

where

p [Vl V2 Y200\, 25| = p [V YR YR M, 030, 27 Plopt) (5.41)
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(1_PD1PG1)(1_PD2P02)2
(VhHm (v2yme (v )2

2 a
PDl(l_PszG'z) N{ l]cl( ), SJ’ }
(Vkl)ﬁml—lml )

Pp, (I_PD1P31>(1_PD2PG2 )N {”?2@)5075?2}

(Vg)mz—lmg ) CLZO, bzlv"'7m2> c=0

j(a,b,0), j,a,b
N[uk 0,897 }PDlPD2(17PD2PG2)

mlmz(Vkl)ml_l(V,f)ﬁQ_l )

azl)"'amlu b:]-a”'am27 c=0

(1_PD1 PGl)(1_PD2PG2)PD2N[V£2(16) 0732’31}

(V2 )5 g ’

PD1PD2(1—PD2PG2)N{ﬁi(“*o’c%o,ﬁi’“ﬂ ) .
VO™ (V2 )™ pa=Llm, =0, e=1,-0r,mp

2 ~7(0,b,¢) .4 &d,b,c
PDQ(lfPDIPC,vl)./\/'[uk 0,57 }

(V2)ym2=1(V2_ )2 limamg

P P2 N|: k(ayb@) 0 SLG \b, C:|

(Vkl)m171(VkQ)mg—l(Vk271)mg’1m1m2mg ’

Using a:cfc‘k_l (from (5.21)) and its covariance Pk‘k , (from (5.22)), one computes the
partial update :%il i and its covariance PIQ ., according to the standard PDAF [21], except

a,b,c
Hk

that the augmented state is conditioned on with data fusion from sensors 1 and 2.

Define the combined mode-conditioned innovations

My g M

Vi_zzzﬁ]abc ]abc (543)

a=0 b=0c=0

Therefore, partial update of the state estimate

ija/?bvc . a,b,C 7 k—1 1 2 2 :j j7a7b7c j7a7b7c
Tk .=E{ka!9k My, 27 Y Y Yy p = T W (5.44)
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31 ‘7 1b1
where Kalman gains, W,g @€ are computed as

Therefore, mode-conditioned update of the state estimate

mi g My

'%ilk — E{xk‘M]‘ZaZk_17Yk17Yk27Yk2—1} ZZZ/BJ’QZ)C’JG;I);

a=0b=0c=0
. ]
and covariance of Ty
5J 5J my g M ,a,b,c ,a,b,c a,b,c a,b,c’
Plo=Blpa— X 23 0] grebeyyjabegrabeyyia
= Oc=

(a,b,c)#(0,0,0)

-1
a=0b=0c=0
gy T 7,0,D,C17174,0,b,¢ b, Ty e T2 VRS y pa R b
DI I L I PO I e
a=0 =0 =0 a=0b=0 c=
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c#0

w000 =, for a=b=c=0

wiett = Bl [HPVISETY 000], for a#0,b=c=0

WO =B, 0 H?[5941 0}, for a=0,b#0, c=0
Wit = Bl [ﬁ,g"l' ) [50] 0} , for a#0,b#0, c=0
W,z’o’oc P,z“g 1 0 0 I:I,z’fll[Si’fl]*l}, for a=b=0,c#0
wieoe = Bl [HPVISEYTE 0 BRPSER )Y for a#0,b=0,
wiobe — Plg|k 1 O [ﬁiQ/ﬁiE;][Siz]_l} , for a=0,b#0,c#0
Wb = Bl [IEEY HEY BPPIIS)TY, for a0, b#0, ¢ £0.

(5.45)

(5.46)

(5.47)
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Step 5. Update of mode probabilities (Vj € M,,) :
j . giok] _ L i
= P M]| 2" = ahh AL (5.48)

where C' is a normalization constant such that > ,ui:, =1.
J
Step 6. Combination of the mode-conditioned estimates (Vj € M,,) :

The final augmented state estimate update at time k is given by

§k|k = Zj %?dkﬂi (5.49)

and its covariance is given by
~ . ~J 27 2 27 2 / j
Py = Zj P + [%k - xk\k} [9%\1@ - xk\k} - (5.50)

From the final augmented state (see (5.49)), the state filtered vector iy, and the state

smoothing vector Zj_1);, can be easily obtained.

5.6 Simulation Example

The following example of tracking a highly maneuvering target in clutter is consid-
ered. The target starts at location [21689 10840 40] in Cartesian coordinates in meters.
The initial velocity (in m/s) is [-8.3 -399.9 0] and the target stays at constant altitude
with a constant speed of 400 m/s. Its trajectory is a straight line with constant velocity
between 0 and 20s, a coordinated turn (0.15 rad/s) with constant acceleration of 60

m/s? between 20 and 35s, a straight line with constant velocity between 35 and 55s, a
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coordinated turn (0.1 rad/s) with constant acceleration of 40 m/s? between 55 and 70s,
and a straight line with constant velocity between 70 and 90s. The target motion models
are patterned and modified after [21]. In each mode the target dynamics are modeled in
Cartesian coordinates as

Ty = Flz,k—ljk—l + Gi,k—lvi’ (5.51)
jkdl = Flz,ﬂ,kfljk—l + Gidl,kflvidl (552)

where the augmented state of the target consists of position, velocity, acceleration, and
the process noise in each of the three Cartesian coordinates (x,y, and z) at tx, tx—1 and
ty—2. Thus both Z;, and Zj, are of dimension 36 (n, = 36). Three maneuver models
are considered in the following discussion. From (5.8) and (5.9), Flg,k—h éi,k—l? Flgdl,k—l

and G{Cdl 1 are defined as

Fluy Glpy 0000 0

0 0 0000 I

g I 0 0000 . 0
Fig—1= v Grp—1= (5.53)

0 I 0000 0

0 0 1000 0

0 0 07100 0
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Flgdl,kfl Gidl,kfl 0000 0
0 0 0000 I
= I 0 0000 i 0
Fah—1 = , Gl = (5.54)
0 1 0000 0
0 0 I 000 0
0 0 07100 0
where the system matrices Fj, 1, Gk x—1, Fr, k-1 and Gy, x—1 are defined as
Fi 0 0 G0 0
Floo=lo m ol Gu.=|0 ¢ o] (5.55)
0 0 FJ 0 0 @7
Fj 0 0 Gy, 0 0
Floei=|0 F o], Gxi=|0 G o0 (5.56)
0 0 FJ 0 0 &

Model 1. Nearly constant velocity model with zero mean perturbation in acceleration

I
o
—
)

(5.57)



Fi=lo 1 0|, Gi=|(T-dw | (5.58)

where T is the sampling period. The standard deviation of the process noise of M is 5

m/s? (as in [21]).

Model 2. Wiener process acceleration (nearly constant acceleration motion)

e ]
FP=lo0 1 7|, G=|r1], (5.59)
(00 1 | 1
1 (T T ] [ (= |
Fi=lo 1 (T-dw | Gi=|T—dy |- (5.60)
00 (. 1

The standard deviation of the process noise of M? is 7.5 m/s? (as in [21]).
Model 3. Wiener process acceleration (model with large acceleration increments, for the
onset and termination of maneuvers), with F3 = 2, G3 = G2, Fj’ = Fg and G3 = G?l.

The standard deviation of the process noise of M3 is 40 m/s? (as in [21]).
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The initial model probabilities are uf = 0.8, u3 = 0.1 and p3 = 0.1. The mode

switching probability matrix is given by (as in [21])

P11 P12 P13 0.8 0.0 0.2
P21 P22 p23 | — | 0.0 0.8 0.2 |- (5.61)
| P31 P32 P33 | | 0.3 03 04

The Sensors: Two sensors are used to obtain the measurements. Sensor 1 and Sensor
2 are located at [z1,y1, 21]=[-4000 4000 0] m and [z2, y2, 22]=[5000 0 0] m, respectively,
and the central processor is collocated with sensor 1 platform (we assume that there is no
time delay between sensor 1 and central processor and, on the other hand, there is fixed-
and-known time delay between sensor 2 and central processor). The measurements from
sensor [ for model j are ch = hl(xy) + wi’l for I = 1 and 2, reflecting range and azimuth
angle for sensor 1 (infrared) and azimuth and elevation angles for sensor 2 (radar) . The

range, azimuth, and elevation angle transformations, respectively, are given by

o= [@—2)?+ (y—u)?+ (2 — )7 (5.62)
a = tan"'[(y —y)/(x — )] (5.63)
e, = tan! {(z —2)/[(x—x)* + (y — yl)Q]W} . (5.64)

The measurements obtained from sensors 1 and 2 can be expressed as we see from (5.1),
(5.2), (5.4) and (5.11). The measurement noise wk"l for sensor [ is assumed to be zero-

mean white Gaussian with known covariances, R' = diag[ga1, ¢.] = diag[4mrad?, 4mrad?]
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with ¢,1 and ¢. denoting the variances for the infrared sensor azimuth and elevation mea-
surement noises, and R? = diag[g,, gu2] = diag[400m?, 49mrad?] with ¢, and g2 denoting
the variances for the radar range and azimuth measurement noises, respectively. The
sampling interval was T'=1s and it was assumed that the probability of detection Pp=1
for both sensors. The time difference between the sampling time at the central processor
(local sensor) and the measurement time at the remote sensor dy; is fixed-and-known to
be 0.57. The data at any time k has a probability P; = 0.4 (P; = 0.25 also applied for
comparison) of being delayed where the delay is uniformly distributed with a maximum
time delay less than or equal to T" where T' is sampling rate.

The Clutter: For generating false measurements in simulations, the clutter was as-
sumed to be Poisson distributed with expected number of A\; = 2 x 107*/ mrad? for
sensor 1 (infrared) and Ay = 20 x 1075 /m-mrad for sensor 2 (radar) [21, case 1]. These
statistics were used for generating the clutter in all simulations. However, a nonpara-
metric clutter model was used for implementing all the algorithms for target tracking.
Other Parameters: The gates for setting up the validation regions for both the sensors
were based on the threshold v=16. With the measurement vector of dimension 2, this

leads to a gate probability P;=0.9997 (see [12, pages 95-96]).

Simulation Results: The results were obtained from 100 Monte Carlo runs. Fig. 5.2
shows the true trajectory of the target. Fig. 5.3 (a) and (b) show RMS error comparison
in position among proposed AS-IMM /MSPDAF algorithm dealing with OOSM, standard
AS-IMM/MSPDAF algorithm [50] with OOSM discarding, and AS-IMM/MSPDAF al-
gorithm applied to the hypothetical case of P; = 0. The first maneuver starts at 20 sec

and in Fig. 5.3 (b) one can see a significant improvement from 25 sec through 36 sec. The
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Figure 5.2: Trajectory of maneuvering target (read left to right, top to bottom). (a)
Position in zy plane. (b) x and y velocities. (c) x and y accelerations. (d) magnitude of
accelerations.

second maneuver starts at 55 sec and in Fig. 5.3 (b) one can see a significant improve-
ment from 60 sec through 68 sec. That is, the proposed AS-IMM/MSPDAF algorithm
responds faster to maneuvers. Once the target is “settled” in a particular mode, there is
insignificant differences between the two approaches. It is seen from Fig. 5.3 (a) and (b)
that the higher delay probability Py, the more significant performance improvement can
be obtained compared with the standard AS-IMM /MSPDAF algorithm [50] that ignores

and discards possibly existing OOSM.
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Figure 5.3: AS-IMM/MSPDA comparison (RMSE in position, read top to bottom) for
various probabilities of delayed measurement, P; = 0.25 and 0.4: (a) P;=0.25. (b)
P;=0.4. Solid: proposed AS-IMM/MSPDAF algorithm dealing with OOSM; dashed:
AS-IMM/MSPDAF algorithm [50] with OOSM discarding; dotted: AS-IMM/MSPDAF
algorithm applied to the hypothetical case of P; = 0.
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5.7 Conclusions

We investigated an augmented state IMM/MSPDAF algorithm with asynchronous
measurement (there is fixed-and-known timing mismatch between sensor platforms with
possible OOSM) for tracking a highly maneuvering target in clutter. Simultaneous mea-
surement update technique is applied for better data association and is expected to be
more accurate [12] since it considers all association hypotheses coupled across multisen-
sor while in the sequential updating considers the separate hypothesis for each sensor.
Our proposed approach has extended the multisensor approach of Chapter 4 (or see [50])
to OOSM by employing additional data association. The proposed algorithm was illus-
trated via a simulation example where it outperformed a standard AS-IMM/MSPDAF
algorithm with OOSM discarding [50] especially during the periods following the onset
of the target maneuvers. This improvement in accuracy is seen in our simulation ex-
ample only during the periods following the onset of the target maneuvers. Once the
target is settled in a particular mode, there is insignificant differences between the two
approaches. As one can easily notice, the higher delay probability Py (with more OOSM
appearances), the more significant performance improvement can be obtained compared
with the standard AS-IMM/MSPDAF algorithm [50] that ignores and discards possibly

existing OOSM.
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CHAPTER 6
TRACKING OF MULTIPLE MANEUVERING TARGETS IN CLUTTER WITH POSSIBLY

MERGED MEASUREMENTS USING IMM AND JPDAM CoOUPLED FILTERING

In this chapter, we present a suboptimal filtering algorithm for tracking multiple
highly maneuvering targets in a cluttered environment using multiple sensors. We con-
centrate on two targets which temporarily move in close formation, giving rise to a single
detection due to the resolution limitations of the sensor. The filtering algorithm is de-
veloped by applying the basic IMM approach and the joint probabilistic data association
with merged measurements (JPDAM) technique and coupled target state estimation to
a Markovian switching system. The algorithm is illustrated via a simulation example in-
volving tracking of two highly maneuvering, at times closely spaced, targets with possibly
unresolved measurements. Compared with an existing IMM/JPDA filtering algorithm
developed without allowing for merged measurements, the proposed algorithm achieves

significant improvement in the accuracy of track estimation during target merging period.

6.1 Introduction

In this chapter, we consider the problem of tracking multiple maneuvering targets
which temporarily operate in close formation in clutter. This class of problem has re-
ceived considerable attention in the literature [5, 12, 21, 22, 44, 45]. The switching
multiple model approach has been found to be quite effective in modeling highly ma-
neuvering targets [12, 14, 21, 29, 30, 33, 45]. In this approach various “modes” of target

motion are represented by distinct kinematic models, and in a Bayesian framework, the
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target maneuvers are modeled by switching among these models controlled by a Markov
chain. In the presence of clutter, the measurements at the sensors may not all have
originated from the target-of-interest. In this case one has to solve the problem of data
association. An effective approach in a Bayesian framework is that of probabilistic data
association (PDA) [12, 22, 33| for a single target in clutter and that of joint probabilistic
data association (JPDA) [10, 12, 22, 27, 33] for multiple targets in clutter.

Typically it is assumed that the number of targets is known and for each target, a
tracks have been formed (initiated), so that the objective is that of track maintenance.
In [21] such a problem has been considered using multiple sensors, PDA, and switching
multiple models. The optimal solution (in the minimum mean-square error sense) to
target state estimation given sensor measurements and absence of clutter, requires expo-
nentially increasing (with time) computational complexity; therefore, one has to resort
to suboptimal approximations. For the switching multiple model approach, the interact-
ing multiple model (IMM) algorithm of [30] has been found to offer a good compromise
between the computational and storage requirements and estimation accuracy [29]. In
the presence of clutter, one has to account for measurements of uncertain origin (target
or clutter?). Here too, in a Bayesian framework, one has to resort to approximations
to reduce the computational complexity, resulting in the PDA filter [5, 12, 21, 22, 45].
In [21] the IMM algorithm has been combined with a PDA filter in a multiple sensor
scenario to propose a combined IMM/MSPDAF (interacting multiple model/ multisen-
sor probabilistic data association filter) algorithm. In [10, 22] multiple targets in clutter
(but without using switching multiple models) have been considered using JPDA filter

which, unlike the PDA filter, accounts for the interference from other targets. Various
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versions of IMM/JPDA (interacting multiple model/ joint probabilistic data associa-
tion) filters for multiple target tracking using switching multiple models may be found
in [12, 23, 24, 25, 26]. While [24, 26] present uncoupled filters (i.e., assume that dif-
ferent target states are mutually independent conditioned on the past measurements),
[12, 23, 25] present coupled filters (i.e., assume that there exists “share” measurements,
yielding cross-covariances which reflect the correlation between the targets’ state esti-
mation errors). [23] presents an “exact” JPDA coupled filter for non-switching models
using the framework of a linear descriptor system. For switching models, [24] presents
IMM/JPDA uncoupled filter approximations. In [25], an IMM/JPDA coupled filter-
ing algorithm has been presented where a simulation example resulted in fewer target
swapping compared with uncoupled IMM/JPDA.

When two targets are “closely” spaced, they may give rise to a single detection due
to the resolution limitations of the sensor. For instance, in radar ranging, returns from
multiple targets could fall in the same range cell, resulting in one unresolved detection
only [11, 28]. Standard tracking algorithms that ignore such a phenomenon can lead
to poor performance in multiple target tracking [11, 28]. Despite its importance, prior
work on tracking with unresolved measurements in general and modeling of resolution
capability of a sensor in particular, is sparse. Prior work includes [11] and [28] and
references therein. In [11] the resolution phenomena related to tracking have been treated
on the basis of a grid of resolution cells “frozen” ([28]) in space. In [28] the resolution
capability of a sensor is described in terms of a conditional probability of the event
that two targets are unresolved, conditioned on the relative distance between the two
targets in terms of the measured variables (range, azimuth, etc.). A simple Gaussian

shape is assumed which captures the sensor behavior in a mathematically trackable way.
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While [11] considers JPDA for data association, [28] exploits multiple hypothesis tracking
(MHT). Under the Bayesian framework, there are two basic methods of measurement-
to-track association in multiple target environments [12]: JPDA and multiple hypothesis
tracking (MHT). The MHT filter associates feasible measurements to track and form
multiple hypotheses for track extension. It is measurement-oriented approach whereas
JPDA is a target-oriented approach. Moreover, MHT is a multiscan approach utilizing
several scans of measurements to make data association decisions. MHT makes hard
decisions where highly improbable hypotheses are pruned to reduce the computational
burden. The JPDA filter is a single scan approach which does not make hard decisions;
rather it updates a track with a weighed sum of the measurements which could have
(reasonably) originated from the target in track.

In this chapter we propose to use sensor resolution modeling of [28] in conjunction
with JPDA coupled filtering and interacting multiple model (IMM) approach (see e.g.
[25] for tracking with resolved measurements). As noted in [27], IMMPDA filter is in
general superior to IMM/MHT filter when the associated computational cost and per-
formance are considered. Therefore, our emphasis will be on IMM/JPDA techniques.
Neither [11] nor [28] consider multiple switching kinematic models for maneuvering tar-
gets; rather they are limited to single (nonswitching) kinematic models per target to
achieve much enhanced performance.

This chapter is organized as follows. The problem formulation is presented in Sec.
6.2. The modeling scheme for the merged measurements is focused in Sec. 6.3. Sec.
6.4 describes the proposed IMM/JPDAM algorithm with coupled filtering. Simulation
results using the proposed algorithm for a realistic problem are given in Sec. 6.5. Finally,

Sec. 6.6 presents a discussion of the results and some conclusions.
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6.2 Problem Formulation

Assume that there are a total of two targets with the target set denoted as 75.
Assume that the target dynamics can be modeled by one of n hypothesized models.
The model set is denoted as M,, := {1,---,n} and there are total ¢ sensors from which
q x 2, or less (if probability of target detection is less than one) or more (due to clutter),
measurement vectors are generated at a time. For target r (r € 73), the event that model
j is in effect during the sampling period (¢x_1,tx] will be denoted by M g(r) Although
two targets share a common model set, they may be in a different motion status from

time to time.

6.2.1 Target Dynamics

For the j-th hypothesized model (mode), the state dynamics of target r (r € 73),

are modeled as

ap(r) = Fl_ (rap_1(r) + GL_ (r)vl_,(r) (6.1)

where z(r) is the system state of target r at 5 and of dimension n, (assuming all targets
share a common state space), F} g_l(r) and Gi_l(r) are the system matrices when model
Jj is in effect over the sampling period (tx—_1, t] for target r. The process noise viil(r) is
a zero-mean white Gaussian process with covariance matrix Q‘,{;_l (same for all targets).
At the initial time %o, the initial conditions for the system state of target r under each
model j are assumed to be Gaussian random variables with the known mean i%(r) and
the known covariance Pg (r). The probability of model j at ¢, ,ué (r) = P[Mg (r)], is also

assumed to be known. The switching from model M} (r) to model M g(r) is governed
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by a finite-state stationary Markov chain (same for all targets) with known transition

probabilities p;; = P[M}(r)|M;]_,(r)]. Henceforth, time t) will be denoted by k.
In coupled state estimation the states of two targets are estimated jointly [12]. To

this end define the “global coupled” state

xy = col{xk (1), xx(2)} (6.2)

and the corresponding matrices/vectors J := col{ji, j2} where j, € M, is model j for

target r,
F{ :=block — diag{FJ' (1), F>(2)} (6.3)
Gy := block — diag{GJ! (1), G32(2)} (6.4)
vl = col{v] (1), v}2(2)}. (6.5)

Then we have the state equation for two targets as

= Fijep1 + Gyl (6.6)
where
J, J\ _ . 1 Jji J2
E{vpvy } = Q3 = block — diag{Q;", @7’} (6.7)
Define the global mode
My = {7 (1), M2 (2)}. (6.8)
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The two targets are assumed to evolve independently of each other. Therefore, the

transition probability for the global modes are given by
prs = PIME (1), MM, (1), M2, 2)] = [] pis. (6.9)

Similarly we have

pg = P[MZ' (1), Mg* (2 H s (6.10)

6.2.2 Measurements

For the j-th hypothesized model (mode), measurements of target r (r € 73), are

modeled, when resolved, as
2 (1) = Wl (zp(r) +wll(r) for 1=1,---,q (6.11)

where 24 (7) is the (true) measurement vector (i.e., due to target r) from sensor [ at ¢ and
of dimension n,;, and A! is the nonlinear transformation of x4 (r) to zi(r) (I=1,---,q).
The measurement noise wi’l(r) is a zero-mean white Gaussian process with covariance

matrix R. (same for all targets) and is mutually uncorrelated with the process noise

vi_l(r). Similarly define the global measurement vector at sensor [ as

2L = col{zL(1), 2L (2)} (6.12)

and related vectors

Rl (xy) = col{h!(x1(1)), A (z(2))}, (6.13)
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w,’g’l = col{wi“l(l),wf’l@)} (6.14)
where
JU TV oplo : I pl
E{w; w;" } = R}, := block — diag{R},, R}.}. (6.15)

Then the measurement equation for two targets at sensor [ (assuming no clutter and

perfect detections) is given by
I ql gl _
2, = h'(xp) +wy,” for 1=1,---,q. (6.16)

Regarding the measurements at sensor [, we follow the notations and definitions used in
[26]. Note that, in general, at any time k, some measurements may be due to clutter

and some due to the target(s). The measurement set (not yet validated) generated by

1), 22(2), e z,i(ml)} where m; is the number of

measurements generated by sensor [ at time k. Variable z,lc(i) (i =1,---,my) is the ith

sensor [ at time k is denoted as Z! := {zé(

measurement within the set. The validated set of measurements of sensor [ at time k
will be denoted by Y} := {y,lc(l), yi:@), e yi:(ml)} where m; is total number of validated
measurement for sensor [ at time k. And yfc(i) = zé(li) where 1 <1 <lp <+ <l <y
when m; #0. The cumulative set of validated measurements from sensor [ up to time k
is denoted as Y*(®) .= yhv,---, Y,Cl} The cumulative set of validated measurements
from all sensors up to time k is denoted as Z* := {Yk(l), YR®@) .. Yk(‘I)} where q is the
number of sensors.

Assuming that there are possibly unresolved measurements from two targets (i.e.,

measurement association with two targets simultaneously), any measurement therefore

is either associated with a target, two targets, or caused by clutter. Our goal is to find
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the state estimate

Expp, o= B{zy| 2"} (6.17)

and the associated error covariance matrix

Py = E{[zr — Epp) [or — Tp) 1 27} (6.18)

where z. denotes the transpose of zj. Included in the above formulation is state estimates

of individual targets.

6.3 Modeling for the Merged Measurements

6.3.1 Modeling Assumptions

In an earlier work Trunk [55, 56] assumed that the (one-dimensional) location of an
unresolved detection has a pdf (probability density function) given by the convolution of
a) a uniform density between the predicted target positions, and b) the Gaussian density
of the measurement error. Later Chang and Bar-Shalom [11] presented an unresolved
measurement modeling approach based on the following assumptions: ¢) merging of two
measurements occurs if the noisy measurements (rather than the predicted measurement)
fall in the same resolution cell, d) the elements of each (multidimensional) measurement
are uncorrelated, and e) the relative strengths of the signal should be taken into ac-
count (the merged measurement will be closer to the stronger signal). In [28] Koch and
Keuk assumed that, in case of a resolution conflict, f) the detection probabilities for

resolved targets Pp and the detection probabilities for unresolved targets Pf may be
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different and g¢) the detection process and the production of measurements are statis-
tically independent. Based upon earlier research the present approach assumes as the

following;:

e Only two targets were considered - more than two targets also can be easily im-

plemented by defining additional association events (hypotheses).

e The merged measurements arise when two targets are so close that the noisy mea-
surements (rather than the predicted measurement) fall in the same resolution cell

due to a lack of resolution of each sensors.

e The relative strengths g (see (6.20)) of the signal is a small measurement noise
assumed to be Gaussian with 0.5 mean and (very) small variance (0 < § < 1),

however, for our simulation example, we set 5,=0.5 for all k.

e False detections (clutter) not related to the targets are equally distributed in the

validation region and their number is assumed to be Poisson distributed.

e The detection probabilities for resolved targets Pp and unresolved targets Pf are

the same.

6.3.2 Measurement Model

Due to a lack of resolution at the sensor a detection may correspond to both targets.
Let st (r) denote the signal power from target r at sensor [ at time k. For unresolved
targets at time k, the measurement equation for two targets at sensor [ (assuming no

clutter and perfect detections with merged measurements of targets r; and ro, (r1,72 €
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T>)), are modeled as (we follow [11])

A% = Bezh(1) + (1 - B)2h(2)

= hl’a(wk)—l—wé,’a for [=1,---,q

where

0< e <1,
Wb (k) = Beh' (zx(1)) + (1 — Br) B (21(2)),
wi = Brwk (1) + (1 = Bw(2),
E{uwy wi"} = Ry".

Define the measurement distance between two targets

Id
2t = zh(1) — 24(2)

ld

= hl’d(a:k)—i—wk for 1=1,---,q

where

hi(ay) = Wl (z(1)) — Rl (zx(2)),
w® = wh(1) — wh(2),

ld 1.d l.d
E{w,"w," } = R;".
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(6.24)

(6.25)

(6.26)
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Note that the corresponding error covariance Rﬁc’d in (6.27) does not depend on the time
k or mode J but depend only on the sensor resolution. Henceforth, the error covariance

Ry will be denoted by R,

6.3.3 Sensor Resolution Model

Let A denote the event that both targets are unresolved. For sensor [, a related

conditional probability of unresolved targets P,i’a can be introduced as (we follow [28])

Pl = P(.A|a:k):exp{

1/2

5 M) - @) B (1) - Ha2)] |

_ ‘ZWRl’d N (O; hl’d(xk),Rl’d) _ (6.28)

The positive definite n,; x n, matrix R5? is determined by corresponding sensor resolu-
tion (measurement accuracy). Using the Gaussian-like structure of P,i’a, the mathematics
involved can be simplified [28]. In the simulation examples presented later, we illustrate
our model by a 2-D radar measuring range and azimuth as well as an infrared measuring
azimuth and elevation angle. In this case, the range resolution is essentially determined
by the length of the emitted pulse, the angular resolution is limited by the beam width.
Following [28] we assume that the different measurement resolutions are independent of
each other so that R\ is diagonal.

As an example, in 2-D radar case, following [28] we assume that the different mea-
surement resolution is statistically independent from each other. The conditional proba-
bility of merged measurement detected from unresolved target P,i’a will depend on their
relative measurement distance zé’d but the exact (ideal) analytical description will be

very difficult. However, the above algorithm intuitively captures the underlying reality
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as follows: P,i’a’ will be one as z,i’d — 0 and will remain large for small zi;’d’s. On the
other hand, for large zfﬂ’d’s, P,i’a will be zero and the transient region will be narrow.
Hence P,i’a can be modeled as a Gaussian-like function of z,i’d introducing a width to
approximately describe the resolution capability of the sensor. According to the above

discussion we assume [28]

! Lh,d _lod 1 A ? 22 ?
P = P(Alz ", 22%) = exp 3 (211 ) + (212 ) (6.29)

lid . _l(3)
where 2" 1= 2,

(1) —zfc(i) (2) (i=1,2) is the distance between possibly unresolved targets
in terms of i-th measurement vector (such as range or azimuth in 2-D radar) and ot
(not function of time k) is the corresponding resolution of sensor [. Eqn. (6.29) reflects
the fact that the resolution capability of a sensor does not only depend upon the sensor
features but also on the signal processing applied and the random target fluctuations

[28].

6.4 IMM/JPDAM Coupled Filtering Algorithm

We now modify the IMM /JPDA coupled filtering algorithm of [25] to apply to the
coupled system (6.1)-(6.10); it will be called IMM/JPDAMCEF (CF stands for coupled
filter). The approach of [25], in turn, is based on the approaches of [12], [21], and [26].
We confine our attention to the case of 2 sensors. As the IMM/JPDACEF algorithm is
well-explained in [25] and [12, Sec. 6.2], and, for the possibly unresolved measurements,
the JPDAM algorithm is well-explained in [12, Sec. 6.4], the MHT algorithm is well-
explained in [28], we will only briefly outline the basic steps in ‘one cycle’ (i.e., processing

needed to update for a new set of measurements) of the IMM/JPDAM coupled filter.
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Assumed available: Given the state estimate :i“g_”k_l = E{xp1 \M,;]_l, ZF=1}, the as-
sociated covariance Pk 1k—1>

at time k — 1 for each mode J € M,, :== M,, x M,,.

and the conditional mode probability u | := P[M; ||ZF1]

Step 1. Interaction - mixing of the estimate from the previous time (VJ €

M,,):

predicted mode probability:

pi = PIM{| 25 ZPIJ,Uk 1- (6.30)
mixing probability:
pl = PIMI_ M, 27 = proph /il (6.31)
mixed estimate:
B g1 =E {xk,l\M,;], Zk_l} = ;i’é—uk—wlu- (6.32)

covariance of the mixed estimate:

Py = E{[ffk T G | Ry T M, Z* 1} (6.33)

~0J ~T ~0J I|J
Z{Pk 1lk— L+ [# k-1 $k71|k71][xk71|k71_$k71|k—1]/}/‘l .
T

Step 2. Predicted state and measurements for sensor 1 (VJ € M,):
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state prediction:
g — J k=11 ._ pJ 20J
Tip—1 = L {xk|Mk’Z } = LT
state prediction error covariance:

Pl = B{lox =l llon — a0, 24

_ pJ pOJ J J o
= BBy B + G Qi1 Gy

(6.34)

(6.35)

For two resolved targets: Using (6.11) and (6.34), the global mode-conditioned pre-

dicted measurement for sensor 1 is
NSNS VY
2 = h (Tgp)-
Using the linearized (6.16), the covariance of the mode-conditioned residual

1/,;]’1([) = z,i([) - 2,;7’1, where z;m = Col{zi(il),zi(b)}

is given by
J1 JA) A (7 rd k=1 _ prdl pJd g1 1
Sy = E{Vk Dy 2 1} = P Hy + Iy,
S;Z}’l — F {l/ihl(l)yil,l(l)"M];], Zk—l} _ H]gl,lpé]‘k_lH],Z;l,ll n R}c
513;271 — E {Viz,l(l)yiz,l(l)/‘Mlg, Zkfl} _ H}g27lpé]‘k_1H]zg,1/ n Rli-
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(6.39)
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H,;]’1 := block — diag{HIzl’l, H,?’l} is the first order derivative (Jacobian matrix) of h!(.)
evaluated at the state prediction f:;c]‘ b1
For unresolved targets: Using (6.19),(6.24), and (6.34), the global mode-conditioned

predicted measurement for sensor 1 is

G0 = Wb (a], ). (6.41)
Introduce a pseudo-measurement (as in [28])

M= hM ). (6.42)

Using the linearization around a%i‘ x_1> the covariance of the mode-conditioned residual

(2;’1"1 set to zero [28])

zl,a 2J,1,a
k k
b= - (6.43)
0 AW
“k
is given by
Jla Jla Jlad \xrd k-1
S = E{Vk v ML Z }
H’(jl’a J J1,a' J1,d R}“’a 0
Hk’ ) 0 Rl,d

where H""" = [B, HIVY (1 - B,)H? and H""* = [H]"" — H}>']. In (6.43) the mea-
surement residual 1/,;]’1’“ is the formulation of both, the mean position and the distance of

the targets. Therefore, an assumed resolution conflict results in a fictitious measurement
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of z,i’d with value 0 and error covariance R%9 [28)].
Step 3. Measurement validation for sensor 1 (VJ € M,):

There is uncertainty regarding the measurements’ origins. Therefore, first perform
measurement validation for each target r (r € 73) separately. For target r, the validation
region is taken to be the same for all models, i.e., as the largest of them.

For two resolved targets: Let Si“l(r) denote the n,; xn.; submatrix of S,i’l including
the rows and columns of the letter numbered as (r—1)n,; +m, m = 1,2. That is, Si“l(r)
based on the information relevant to target r only. Let 2?’1(7“) denote the n,; x 1
subcolumn of 2,?’1 including the rows of the letter numbered as (r — 1)n,; +m,m = 1,2.

That is, 2%“1(7") is the mode-conditioned predicted measurement of target r for sensor 1.

Let (|A] = det(A))

gy = arg { max S’i;“l(r)‘} : (6.45)

Jr€EMy

Then measurement z;(i) (1=1,2,- - -;m;) is validated if and only if

16) 2, Gele N Tl L) s
) = S e = =) < (6.46)
where v is an appropriate threshold. The volume of the validation region with the

threshold ~ is [12, Sec. 2.3.2]

1/2

Vi (r) := ™28 (r)] (6.47)

After performing the validation for each target separately, the volume of validation region
for the whole target set is approximated by V! = Z Vi (r).

. 1 . .
For unresolved targets: For unresolved targets at time k, Sk‘]’ "is a n,1 X n,1 matrix
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and is based on the information relevant to the merged targets. Let 2,;]’1"1 denote the

n,1 X 1 column matrix. That is, 2,;7’1’6” is the mode-conditioned predicted measurement

of the merged targets for sensor 1. Let

J,1la
Sk

} . (6.48)

j = ar { max
@ &\

Then measurement for unresolved targets z,i(i) (i=1,2,---,my) is validated if and only if
. = - —1 ) _
[211(1) _ 2];’(1717(1]/[5’];]&:17‘1] [Zli(l) _ 2];711,1,@] < (6.49)

where v is an appropriate threshold. The volume of the validation region with the
threshold 7 is

7 1/2
V(@) = cny 215700 2. (6.50)

After performing the validation for each target separately, the volume of validation region
for the whole target set is V! = V.}(a).

Step 4. State estimation with validated measurement from sensor 1 (VJ €

M,,):

From among all the raw measurements from sensor 1 at time k&, i.e.,
Z}h = {7 W, @ ... )y (6.51)
define the set of validated measurement for sensor [ at time k as

Y= (M) (6.52)

153



where mq is total number of validated measurement for sensor 1 at time k. And
g = o (6.53)

where 1 <y <y < -+ < ly, < m; when m; #0. We now consider joint probabilistic
data association across targets with possibly unresolved measurements following [12],[25].

A marginal association event 6, is said to be effective at time k when the validated
measurement yi(i) is associated with (i.e., originated from) target r (r = 0,1,2 where
r = 0 means that the measurement is caused by clutter). Assuming that two targets
can be possibly unresolved and detected as a single target, a joint association event
© is effective when a set of marginal events {6;,} holds true simultaneously. That is,
(4)

0= ﬂ;@l 0;r, where r; is the index of the target to which measurement y,i is associated

in the event under consideration. Define the validation matrix (as in [12])
Q=lwy] i=1,---,my, for r=0,1,2 (6.54)

where w;, = 1 if the measurement 7 lies in the validation gate of target r, else it is zero.

A joint association event O is represented by the event matrix
Q0)=[w,©O)] i=1---,my, for r=0,1,2 (6.55)

where w;-(©) = 1 if 0;, C O, and @;;(0) = 0 otherwise. A feasible association event is
one (¥2_,@;(©) = 1) when a measurement originated from only one source (i.e., from
a target or clutter) or two (X2_0;(©) = 2) when a measurement originated from two

sources (i.e., from two targets). The detection indicator where at most one measurement
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can be originated from a target
6-(0) =2M (@) <1 for r=1,2. (6.56)

The feasible association joint events © are mutually exclusive and exhaustive.

Following the definitions in [12], define the binary measurement association indicator

7(0) = X2_0y(0) <2 for i=1,---,1m (6.57)

to indicate whether the validated measurement y,i(i) is associated with target(s) in event

©. Further, the number of false (unassociated) measurements in event © is
$(©) = X [1 — min(1, 7(O))]. (6.58)

A resolution indicator, p(0), is defined to be one when 7;,(0) < 1 and zero otherwise.
We will limit our discussion to nonparametric JPDA [12].

The likelihood function for the global mode J can be evaluated as

AP = p (VML Z8) = Y p (Ve My, 2 Ple|ay, 24 (6.59)
(C]

where the conditioning on m; is implicit in the event ©. The second term (apriori
joint association probabilities) in the last line of (6.59), when targets are merged, can be

evaluated as [28]

POIMY, 257 = [ PlOju, MY, 22 ol M, 24
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/D PlA|zp]p(zi| M, 25 V) dxy, (6.60)

_ D(@)/P[A|:nk]/\/ (a;k;a:«g‘k,l,P,;"k,l) dxy,

where

D(©

2
H Pp)2r(®) (1 — pp)1—o(®) (6.61)

Pp is the detection probability at sensor 1 (assumed to be the same for all targets) and
e > 0 is a “diffuse” prior (for nonparametric modeling of clutter) whose exact value is

irrelevant. Define

P];],l,a = /P(A|xk)N (mk;ii‘k_l,P,jk_l) dzxy, (6.62)

= ’27rR1’d’1/2

. J1,1 J2, 1| ~J 1,1 2,1 Ji1
N1 0; [Hk — oy }%\k 19 [H,il —H" | Py

The last line of (6.62) can be obtained by substituting (6.34) into the first line of (6.62).

For details, see [28] and Appendix B. Then we have

D(@)(l—P,;]’l’a) for resolved target(s)
PO|M, zF 1] = (6.63)

D(@)P,;]’l’a for merged targets.

Unlike [26], we do not assume that the states of the targets (including the modes)

conditioned on the past observations are mutually independent. Then we have

_ —(O nd _
p (Y10, M, Z1) = v ?Op ()|, 241 (6.64)
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where f’kl(@) C Y} is a subset of the validated measurements Y}!, consisting of the mea-
surements associated with the targets as specified by ©. The number of measurements
in V;1(©) is equal m; — ¢(0) where $(0) is the number of false alarms.

Define a 1 X [m) — ¢(0)] matrix Q(0) as a submatrix of (©) obtained by deleting
the first column and all null columns of (©). Then for a given ©, we have a measurement

vector Y;1(0) of dimension (X7, min[1,7;(0)])n.1 given by
VH(O) = (., @ 2 (0))col{y; P i = 1,2, ,m1} (6.65)

where we stack up all target-associate validated measurements in © in ascending order of
targets, I, is the n xn identity matrix, and the symbol ® denotes the Kronecker product.
Define a [(m1 — ¢(0©))z.1] X [2n,] matrix H,‘C]’l(@) as a submatrix of Hk]’l obtained by
deleting all i-th block rows of H, 1;7 ! for which §;(©) = 0. That is, we have modified H ,‘c] !
to keep only the block elements associated with target-associated measurements in ©.
To further simplify the equation for fﬁj(@), one has to consider all the possible joint
association events ©. Define a related set of mutually exclusive and exhaustive data

interpretations ¥ as follows (here we follow [28])
e U;;: Both targets were resolved and detected (¢(©) = my — 2),

e U;): Both targets were resolved and only target 1 was detected (¢(©) = mq —

1,61(0) = 1,02(6) = 0),

e Uy;: Both targets were resolved and only target 2 was detected (¢(©) = m; —

1,61(0) =0,02(0) = 1),
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e U;: Both targets were detected but merged as a single measurement (¢(©)
mi — 1751(6) = 1752(®) = 1)7
e U\: No target was detected (¢(©) = m1).

It then follows that the linearized measurement equation for ?,3(9) is given by

H,;]’l(@):rk + w,{’l, for © € ¥y

HIVYO)zy, +wl (1),  for © € Uy

Ykl(@) = H,‘ZQ’l(@)wk + wi2’1(2), for © € Uy (666)
HJ,l,a(@) wJ,l,a
b T+ g , for © € V.
) | | e

Conditioned on the joint association event © and mode J, the “coupled” innovation

is given by
YV (O)-z"(©), for © €Uy

YV1(©) - 2"1(e), for © € Uy

k
v1(©) - 2240), for ©c ¥y
vrey={ " * (6.67)
- 5
Y, (©) — i , for © €Uy,
)

0, for © € ¥y,

where 271(0) (371%(0), 21%(©)) are subvector(s) of 2" (571, 2/"%) obtained by

deleting all i-th block rows (n, x 1) of 2,;]’1 (2,;]’1’“, ég’l’d) for which 0;(©) = 0. The

covariance of mode-conditioned residual conditioned on the joint association event © is
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given by

Si1(0) = B O], B (0) + R, for © €Wy
SiH(©) = H{" ()Pl (VH{""(©) + R"™, for © € ¥y
S (©) = H*N ()Pl (H" (©) + R, for © € Wy

J1,a HéLLG(@) J 4 / R?La 0
Si(©) = Pl | HIM©) B () |+  for O,
Hl;],l,d(@) 0 RLd

(6.68)

where P,gllk_l(l) and P,‘gfk_l(Q) are diagonal submatrices of P,;]| vy

There are a total of (m1 + 1) x (mq + 1) possible association hypotheses, each of
which has an association probability. Then we have
VETMp(Y(©)|MY, ZFY),  for © € Wy
Vi Mp(V L)\ MY, ZFY),  for © € Wy
p (Y0, M, ZMY) § yimmy v @)y, 2, for ©@ € W (6.69)

k Pk 1 p( k ( )| k> )a or € Vo1
ViTMp(VH(O)| MY, ZF),  for © € W,

V™, for © €
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where the conditional pdf (probability density function) of the validated measurements

Y,}(©) given their origins (specified by ©) and the global mode .J, is given by

N (VH©);201(0),501(©)),  for © €y
N (VE(©):511(6),801(0)), for © €Wy
N (

p(VEO)M], 241 = L(©):521(0), 571 (0)),  for © €Wy

N | YL(©); 8Py |, for @€

(6.70)
The probability of the joint association event © given that global mode J is effective

from time k-1 through £ is

prle) = PleM{, Zz"1 v

1
= —p(V16, M, 2 Ple|M{, 247 (6.71)

where the first term can be calculated from (6.64)-(6.68), the second term from (6.61)-

(6.63), and c is a normalization constant such that
SeP[O|M!, ZF 1 V] = 1. (6.72)

Using :Eglk_l (from 6.34) and its covariance Pl;]\k—l (from 6.35), one computes the partial
update i‘,{‘ , and its covariance P,;]VC following the standard PDAF [12], except that the

global state is conditioned on ©, not the marginal events 6;,; details follow.
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Kalman gain:

1
Pé]\k—lHk]’l(@)/ {S}g]’l(@)] , for © ¥y
le Hjl’l(@)’ {Sh,l(@)]_l for © c U

kjk—11k k ; 10

) ) ) -1
Pl HNO) [SPNO)] T, for © € Ty (6.73)

/
HJ,].,(J,(@) .

ij\kfl * [S;;]’l’a(@)} , for ©@ €y

HPe)

Partial update of the state estimate:

in(O)

E{al0, M, 2" v}

Mode-conditioned update of the state estimate:

il€|l€—1 + Wl;]71(@)ykj71(@)a for © € Uqy
Wi (©)(©)
“%i|k71 + ‘ g , for © € Wy
Onxxl
- - On, x1 (6.74)
Thp—1 T » . , for © € Uy
W ee)
j;i|k:—1 + W/%Ll(@)V}g]’l(@), for © € ¥,
jim_p for © € V.
Il _ Ty d1
il = B {m M, 259 = 3 N ©)i0) (6.75)
B
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. J1 A
Covariance of xk‘k(@).

Pl - Wl ©)st @w ey, for ©c

Wi (©)S]H (©)W(©) 0y,
Pl;]|k:—1 — i F g . Jfor © € Uy
Onlxnz Onzxnz
J1 _ [
Pk|k (@) - J Onzxnz Onzxnz
Pk|k71 — A , for ©® € ¥y
On,xn, Wi (©)SEH (O (O)

Pl%]|k—1 - WIQLI(@)SLLM(@)W;;M(Q)/, for © ¢ I,

Py, for ©€ .

(6.76)
Covariance of i‘g‘k: Pl;]“i =F {(l‘k - izlz)(:nk - :i’iii)ﬂYkl, Zh=1 M,;]}
=Pl = X BHOWIOSMOWIO) - 3 FIHOW(O)S> (0)W O
[SISET SISV

- > plewtestewter+ x o griewltewt et eywley

0ev1,7, e,V

+ .z st eyw el ey eywi ey
10

+ 5 s ewew e (eyw ey
01

- = 6,;”1<6>W;;’1<@>w;’“1<@>'] [ > ﬂ,;”1<@>w,;’1<e>u;il’l<e>']

|©€T o SIS\ 4T}

- = ﬂ,;’J(@)W;f(@)v;;’?’l(@)'] [ > ﬂ,;”%e)W;Q(e)u;iz’l(@)']

_96‘1/01 SIS\

- ﬁgvl(@)wg’l(@)ugvl(@)“ S 55’1(@)14/;71(@)4’1(@)/]
|O€T11,¥ eV, ¥,
(6.77)
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where

W];Ll (@) Onz anl

Onz X1z Onz X7z

Wi(©) = . WE(©) = S
Onxxnzl an;xnzl Onxanl ka (@)
Sjl((»—)) Onz Nz Onz Nz Onz Nz

spe)=| " vt se) = S (6.78)
Onzyxnzy Oy xns, On., s, SE2(O)
J,1
v (@) Onz 1

e = "L ke =
On., x1 v, (©)

Eqn. (6.77) follows in a manner similar to eqn. (3.4.2-10) in [12]. For details, see [12].

Step 5. The mode-conditioned predicted measurements for sensor 2 (VJ €
M,, ):

For two resolved targets: The “predicted” measurement for sensor 2 is given by

T2 I
207 = h? (xk|k) (6.79)

The covariance of the global mode-conditioned residual 1/‘] D zZ(I) 2,?2, where
zz(l) = col{zz “) ,zi Z'2)}, is given by
Sp7 = Bl Dl M 24 vy = B RS Y + R (6.80)

where H ,;] 2 .= block — diag{H ,21’2, H 22’2} is the first order derivative (Jacobian matrix)

of h?(.) evaluated at the state prediction ;fcili
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For unresolved targets: The “predicted” measurement for sensor 2 is given by
B = WP (E50)- (6.81)

Define

~J,2,d a1
250 = h2d(xk|k). (6.82)

Using the linearized (6.19) and (6.24), the covariance of the mode-conditioned residual

ZJ,Z,a 2J,2,a
k k
P = - (6.83)
0 AJ,2,d
%k
is given by
J2a J2,a J2,0" 13 rJ k-1 y/1
spre = B{lP M 2 v
J,2,CL 270,
_ Hk PJ,l J,2,a’ J,2,d' + Rk 0 (6 84)
o J9.d Kk | H, Hy :
Hk7 El O R27d

where H*® = [ByH/V? (1 — () H?2?] (H*? = [H2  — H72?]) is the first order
derivative (Jacobian matrix) of h%¢(.) (h?%(.)) evaluated at the state prediction a%éi
Step 6. Measurement validation measurements for sensor 2 (VJ € M,,):
This is similar to Step 3 where we replace S,‘j’l with S,;m, z;(i) with zz(i), m1 with
me, Vii(r) with V2(r), and V}! with V2. Details are similar to that in Step 3, hence

omitted.

Step 7. Update with validated measurements for sensor 2 (VJ € M,):
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This is similar to Step 4. Using the validated measurements obtained from Step 6
and starting from ii“lv and P];]‘kl , one computes the final updates :%i| . and P,;fl i and the

likelihood

Aiﬂ = p{YkZa’Mlgazk_l7Ykl}

= Zp [Yk,‘2|@7Mltc]7Zk_l7Ykl}P{®‘Mic]7Zk_lvykl}' (685)
S

Details are similar to that in Step 4, hence omitted.

Step 8. Update of mode probabilities (Vj € M,, Vr € T5):
1 5
ul = PIMY|ZM = — il AL A (6.86)

where c is a normalization constant such that ¥ J/,Li = 1. For individual targets we have
n n
p (1) == PIM* (V)| 2% = > o, w2 (2) = > " (6.87)

J2=1 j1=1

with J = (j1,72) in (6.86).
Step 9. Combination of the mode-conditioned estimates (Vr € T3 ):

The final global state estimate update at time k is given by

Brp =Y Ephi, (6.88)

and its covariance is given by
P = PJ ~J A Y / J (6 89)
klk ZJ kel T | Zhlk — Zklk| |Tkik — Thlk| (Hie- .
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The state estimate Zy, (1) for target r is the n,-subvector of Ty, consisting of elements
(r—Dnz+m, m=1,2.

Remark 1. In the above algorithm we used sequential updating of the state es-
timates with measurements (one sensor at a time - see Steps 4 and 7) as in [21] and
[26]. This approach is suboptimal but leads to computational savings as one does not
have to simultaneously associate measurements across sensors (as in [46], [48], [53]).
In Step 4 we are interested in E{xx|M], Z~,Y;'} which is decomposed as in (6.79)
conditioned on ©’s; Measurements Y,f are not considered in this step. If one were to
seek E{xx|M, ZF 71, V1, Y2}, then we would have to follow the approach of [46]-[53] by
picking all possible association events across sensors also.

Remark 2. Compared to the uncoupled filtering of [26] where the equations are
formulated conditioned on marginal association events 6;,., here we have conditioning on
joint association events © for couples filtering. Eqn. (6.70) does not decompose into the
product of marginal probabilities as in [26].

Remark 3. Partition the set of all s into disjoint sets ©;s such that
0, := {0]6,(0) = 6,(0) Vr, © € ©;} where i = 1,2,---, K. For instance, for N=2,
we have K=5 with ©;=all Os in which there are two validated measurements associ-
ated with two targets, ©y=all Os in which one validated measurements associated with
target 1 and none with target 2, ©3=all Os in which one validated measurements associ-
ated with target 2 and none with target 1, ©,=all Os in which one validated unresolved
measurement associated with two targets, ©s=all Os in which none of the validated mea-
surements are associated with any target. It is then easily seen that W,;] o), H kj’l(@),
S,;]’l(@) and ﬂ,‘c]’l(@) in Step 4, all are invariant for © € ©;. This fact can be used to

simplify computations in (6.77). Similar comments apply to Step 7.
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Remark 4. If one substitutes (6.65) into (6.66), then one obtains a linear descriptor
system type of equation such as (12) in [23]. Therefore, the standard state-space system
framework used in this dissertation and the linear descriptor system framework used in
[23] are equivalent (except that [23] uses non-switching models whereas we use Markovian

switching models).

6.5 Simulation Example

The following example of tracking two highly maneuvering targets in clutter is pat-
terned after [25].
The True Trajectory: We consider the same scenario as that in [25] except for a lin-
ear shift in the x and y-directions in the trajectory of target 1 to achieve merged target
with a long-term duration. Target 1 starts at location [21689+d, 10840+d, 40] with
d;=-3040m and d,=5500m in Cartesian coordinates in meters. The initial velocity (in
m/s) is [-8.3 -399.9 0] and the target stays at constant altitude with a constant speed of

400 m/s. Its trajectory is:

a straight line with constant velocity between 0 and 27s,

e a coordinated turn (0.15 rad/s) with constant acceleration of 60 m/s? between 27

and 42s,

a straight line with constant velocity between 42 and 47s,

e a coordinated turn (0.1 rad/s) with constant acceleration of 40 m/s? between 47

and 65s,

a straight line with constant velocity between 65 and 87s.
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Target 2 starts at location [30000 -3040 40] in Cartesian coordinates in meters. The
initial velocity (in m/s) is [-382 157 0] and the target stays at constant altitude with a

constant speed of 413 m/s. Its trajectory is:

e a straight line with constant velocity between 0 and 44s,

e a coordinated turn (0.075 rad/s) with constant acceleration of 30 m/s? between 44

and 59s,

e a straight line with constant velocity between 59 and 87s.

The Target Motion Models: These are exactly as in [25]. In each mode the target
dynamics are modelled in Cartesian coordinates as zy(r) = F(r)zi—1(r) + G(r)vg—1(r)
where the state of the target is position, velocity, and acceleration in each of the 3
Cartesian coordinates (z,y, and z). Model 1 for Nearly constant velocity model with
zero mean perturbation in acceleration; Model 2 for Wiener process acceleration (nearly
constant acceleration motion); Model 3 for Wiener process acceleration (model with large
acceleration increments, for the onset and termination of maneuvers). The details re-
garding these models have been described in previous chapters and identical. The initial
model probabilities for two targets are identical: ud = 0.8, u3 = 0.1 and p3 = 0.1. The
mode switching probability matrix for two targets is also identical and is as in previous
chapters.

The Sensors: Two sensors (we assume collocation, and time synchronization of obser-
vations, etc.) are used to obtain the measurements. The measurements from sensor [ for

l

model j are z} = hl(zy) + w, [ = 1,2, reflecting range and azimuth angle for sensor 1

(radar) and azimuth and elevation angles for sensor 2 (infrared). The range, azimuth, and

1/2

elevation angle transformations would be given by r = (22 + 32 + 22)/", a = tan"![y /2],
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e = tan~![z/(2% + y2)1/ 2], respectively. The measurement noise w! for sensor [ is as-
sumed to be zero-mean white Gaussian with known covariances R' = diaglq,, ga1] =
diag[400m?, 49mrad2] with ¢, and g4 denoting the variances for the radar range and az-
imuth measurement noises, respectively, and R? = diag[q,2, ¢.] = diag[4mrad?, 4mrad?]
with g.o and g. denoting the variances for the infrared sensor azimuth and elevation
measurement noises, respectively. Resolutions of both sensors are selected after from
[28] (twice of the standard deviations for the corresponding sensor measurement noise):
a range resolution of sensor 1 aft = 2x V@ = 40m, a angular resolution of sensor 1 a® =
2 X \/Ga1 = 14 ¥ 10~3rad, a angular resolution of sensor 2 a?? = 2 x Va2 =4 X 10~3rad
and a elevation angle resolution of sensor 2 o’ = 2 x Ve = 4 X 10~3rad. The noise
for merged measurements wg’l’a for sensor [ is assumed to be the same with resolved
measurement noise w}, for sensor I. The measurement distance noise wfc’d for sensor [ is
assumed to be zero-mean white Gaussian with known covariances R%4 = diag[a®, a?],
and R>? = diag[a®?,a’]. To generate the true target trajectories, following (6.28),
given the measurements of the two targets at a given sensor, the targets are unresolved
with the conditional probability P,i’a (6.29) and they are merged into one by the linear
combination model (6.19) with the signal strength ratio 8y = 0.5 for all time k. (The
tracking algorithm does not have this knowledge of how P,i’a is used to generate data.)
Both sensors are assumed to be located at the coordinate system origin. The sampling
interval was T'=1s and it was assumed that the probability of detection Pp=0.997 for
both sensors.

The Clutter: For generating false measurements in simulations, the clutter was as-
sumed to be Poisson distributed with expected number of A\; = 20 x 10~%/m-mrad for

sensor 1 and \g = 2 x 1074/ mrad? for sensor 2. These statistics were used for generating
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Figure 6.1: The true trajectories of the maneuvering targets (read left to right, top to
bottom): (a) Position in zy plane, (b) x and y velocities, (c) x and y accelerations, (d)
distance between the targets.

the clutter in all simulations. However, a nonparametric clutter model was used for
implementing all the algorithms for target tracking.
Other Parameters: The gates for setting up the validation regions for both the sensors

were based on the threshold y=16 corresponding to a gate probability P5=0.9997.

Simulation Results: The results were obtained from 1000 Monte Carlo runs. Fig.

6.1(a)-(d) shows the true trajectory of the two targets and the distance between the two
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Figure 6.2: Performance (RMSE in position) of the proposed IMM/JPDAMCF and
the IMM/JPDACF of [25] based on successful runs (read left to right): (a) proposed
IMM/JPDAMCEF, (b) standard IMM/JPDACF [25].
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index proposed IMM/JPDAMCF | standard IMM/JPDACF [25] |

No. of lost tracks 44/1000 94/1000
No. of swapped tracks 3/1000 4/1000
No. of successful tracks 953/1000 902/1000

Table 6.1: Simulation results summery based on 1000 runs

targets as a function of time. The two targets start out far apart, move close to each
other from 38 to 42 seconds, and then move apart again. Fig. 6.2(a) shows the results
of the proposed IMM/JPDAMCEF based on 953 successful runs (target swap occurred
in 3 runs with 44 track failures). Fig. 6.2(b) shows the standard IMM/JPDACF [25]
(the merged target case was not considered) based on 902 successful runs (target swap
occurred in 4 runs with 94 track failures) in terms of the RMSE in position. Table 1
shows the number of successful runs (excluding target swapping) for the two approaches
IMM/JPDAMCEF and IMM/JPDACEF. It is seen from Table 1 and Figs. 6.1 and 6.2
that the proposed IMM/JPDAMCEF is better than the standard IMM/JPDACF [25] in
performance especially in terms of the track estimation accuracy and the loss of tracks.

To assess the computational requirements of the two approaches, we computed the
CPU time needed to execute 87 time steps in each run (averaged 100 Monte Carlo runs ex-
cluding data/clutter generation) in MATLAB 6.5 on a 2.8 GHz (Mobile) Pentium 4 oper-
ating under Windows XP (professional). The standard IMM/JPDACEF needs 7.6178 secs
(for all 87 time steps) compared to 14.3848 secs required by proposed IMM /JPDAMCE.
Thus with a 88.8% increase in computational cost, it is seen that the proposed algorithm
can significantly improve the accuracy of track estimation during the periods when tar-

gets are temporarily move in close formation.
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6.6 Conclusions

We investigated on two targets which temporarily move in close formation, giving
rise to a single detection due to the resolution limitations of the sensor. We proposed
a noble IMM/JPDAMCEF algorithm for state estimation for two highly maneuvering
targets in clutter. While a past IMM /JPDACF approach [25] applies only to resolved
measurements, our proposed approach has extended the multisensor approach of [25]
to deal with possibly existing merged measurements arrived from sensors to the central
processor.

The proposed algorithm was illustrated via a simulation example and it outper-
formed a standard IMM /JPDACF algorithm [25] which does not consider the possibility
of the data association to the merged measurements, in terms of RMS position error, the
number of track losses, and target swappings. The proposed IMM/JPDAMCEF resulted
in a 25% fewer target swappings and a 54% track losses compared with the standard
MM/JPDACF [25]. The improvement in accuracy and track loss comes at the expense
of an increase (88.8%) in the computational cost. This improvement in accuracy is seen
in our simulation example only during the periods when targets are temporarily move
in close formation and gives rise to a single detection due to the resolution limitations

of the sensor.
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CHAPTER 7

CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

In this dissertation, we developed several noble algorithms for maneuvering tar-
get tracking in the presence of clutter using multiple sensors. Our main concern was
to investigate solutions to the target tracking problems which require the simultaneous
completion of two tasks: estimation and data association. There are many different
approaches to both estimation and data association and these are generally the distin-
guishing features that give rise to different tracking algorithms.

In Chapter 3, a suboptimal filtering algorithm for tracking a highly maneuvering
target in a cluttered environment using multiple sensors was proposed. We developed
a noble algorithm “simultaneous measurement update using IMMPDA filtering”. The
existing IMM filtering algorithm and PDA technique were combined with simultane-
ous measurement update algorithm in our proposed algorithm. This algorithm provides
significant improvement over an existing IMMPDA filtering algorithm with sequential
sensor processing, because it considers all association hypotheses coupled across multi-
sensor while in the sequential updating considers the separate hypothesis for each sensor.
This improvement in accuracy was remarkable especially during the periods following
the onset of the target maneuvers. The improvement in accuracy comes at the expense

of a slight increase in the computational cost.
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In a multisensor central tracking system, asynchronous (delayed) measurements arise
due to communication network delays, varying preprocessing times at the sensor plat-
forms and possibly lack of sampling time synchronization among sensor platforms. A
state augmented approach was combined with simultaneous measurement update tech-
nique to deal with asynchronous (delayed) measurements problem in Chapter 4. In
this chapter, we investigated “fixed-but-unknown” delay between sensor network and
developed a noble algorithm “simultaneous measurement update using AS-IMMPDA
filtering”. Compared with an existing IMMPDA filtering algorithm with the assump-
tion of synchronous (no delay) measurements sensor processing, the proposed algorithm
achieves considerable improvement (especially in the case of larger delays) in the accu-
racy of track estimation. Using the proposed AS-IMMPDA algorithm, the smoothed
estimate (lag = 1) can be easily obtained from the augmented state estimate and it
shows better performance (in terms of RMS error) than the filtered estimate.

In practice, in a multisensor central target tracking system, one can possibly have
situations where measurements from the same target do not arrive in correct time order.
This OOSM can occur due to communication network delays, varying preprocessing
times at the sensor platforms, and lack of sampling time synchronization among sensor
platforms. In Chapter 5, the AS-IMMPDA algorithm proposed in Chapter 4 is then
extended to deal with “fixed-and-known” delay and possible OOSM between sensor
network. Compared with an existing IMMPDA filtering algorithm without dealing with
possibly existing OOSM (which assumes only “fixed-and-known” delay), the proposed
algorithm achieves considerable improvement in the accuracy of track estimation as the

probability of OOSM arrival increases.
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In Chapter 6, we considered the problem of tracking multiple maneuvering targets
which temporarily operate in close formation in clutter. When multiple targets are
close, there might be a single detection originating from more than one target, yielding
unresolved (merged) measurements due to a sensor’s inherent resolution limitation. The
existing IMM/JPDA can not handle data association on the merged measurements.
Combining the existing IMM algorithm with JPDAM technique, we presented a noble
IMM/JPDAM algorithm for multisensor tracking of multiple maneuvering targets in
clutter with possibly merged measurements. The algorithm is illustrated via a simulation
example compared with an existing IMM/JPDA filtering algorithm which does not deal
with the merged measurements data association hypotheses. The proposed algorithm
achieved significant improvement in the accuracy of track estimation especially during

target merging period, and caused fewer track losses.

7.2 Suggested Future Work

7.2.1 Unresolved Measurements with Simultaneous Measurement Update

In Chapters 3, it has been shown that the IMMPDA filtering algorithm with simul-
taneous measurement update achieves significant improvement in the accuracy of track
estimation compared with an existing IMMPDA filtering algorithm with sequential sen-
sor processing. As we have presented proposed IMM /JPDAMCEF algorithm to deal with
unresolved measurements by sequential updating approach in Chapter 5, we can ap-
ply the extension of our IMM/JPDAMCEF algorithm by combining with simultaneous

measurement update algorithm. This integration of existing IMM/JPDAM algorithms
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and simultaneous measurement update algorithms will lead to better performance than

earlier algorithms designed for tracking multiple maneuvering targets.

7.2.2 Track Initialization

Until now we have limited our investigation to track maintenance in this disserta-
tion (i.e., the initial state of each target is assumed to have been already obtained). In
practice, the track formation needs to be done before all the algorithms in this disserta-
tion can be applied. Measurement-to-measurement association is the core requirement
for track formation in the presence of measurement uncertainty. Some existing target
track formation approaches can be found in [12, 33]. MHT has been recognized as the
theoretically best approach to the multitarget tracking problem, yet it requires a con-
siderable amount of computation and memory. Therefore, in the past it was considered
unaffordable because of the high computational requirements. Now interest is renewed
because of the continuous advances in computer technology and algorithm design. Since
MHT approach, unlike IMM /JPDA | is a measurement-oriented approach and considers
the track initialization as well, integration of existing track formation algorithms and

our track maintenance algorithms is a good challenge for future research topics.
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APPENDIX A
DERIVATION OF THE MODE-CONDITIONED ASSOCIATION EVENT PROBABILITY EQN.

(3.46)

To evaluate the mode-conditioned association event probabilities, the conditioning is
broken down into the past data Z*~1 as well as the latest data Ykl and Y,f. A probabilistic
interference can be made on both the number of measurements in the validation region
(from the clutter density, if known) and on their location. This can be written out as
[21]

(0", M], Vi, Y2, 251
PIM™ Y Y2, ZF1]

p(Ykzlv Yk2|91?b7 Mlzv Zkil)P[‘gl?ﬂMlzv Zkil]P[Mgv Zkil]
S (VL Y2100, MY, Z-=1)Plop° | MY, Z=1 P[M], 21
0

j,a,b b j - p
/Bia = P[GZ |MjaYk1)Yk2vzk 1]:

p(YL V21000, M, 25V PO | MY, 2% )p[ 2% | M) P[]
7b ] — 7b ] — — ] ]
S p(VE IO My, 26 PO, 241 p[ 24 MY P

1 . .
= —p(Vi, Y2105°, My, ZF ) Plogt MY, 78] (A1)
C

where ¢ is a normalization constant such that Y ;" >"2) ﬁi’a’b = 1. The first term of

the right side of (A.1) is [12, 21]

a,b j —
p{Yk17 YkQWk JM]ga Zk 1}
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[Vkl] —m [V]?] 7”712, a = 0, b = O
P VR N [V,Jf(’)); 0, Sﬂ Ca=0,b=1,--- My

P511 [Vkl} B X N [V]z’l(a);ovsiyl] , 4= ]-a <o, My, b=0

Po VT T PG VAT T N [ 0,80] e =1, b= 1, s,
(A.2)

As in [12, 21], we have
Po“*| M, Z¥71) = P[9°0|my = iy, iy = o) (A.3)

where we have conditioning on the total number of validated measurements obtained from
sensor [, m; = 7ny; in this notation m; is the random variable and m; is its realization.

Denoting by ¢; the number of false measurements, one has

P[9%b|my = my, My = ma] = Pl0%|¢p1 = my, ¢o = ma] Plp1 = M1, ¢ = o)

+ P[0“%|¢1 = my, g2 = o — 1|P[p1 = my, ¢ = 1ng — 1]
+ P[0%*)¢1 = my — 1,2 = Mo Plp1 = 1 — 1, g = 1]

+ P[0%?) ¢y = my — 1,2 = ma — 1|P¢1 = 11 — 1, g = g — 1]

1XP[¢1:m17¢2:m2] CL:O,b:O
iz X Plov=mi,de=ma—1]  a=0,b=1,,my

mllﬁm XP[¢1:7’721—1,¢2:T7L2—1] a=1,---,my, b=1,---,my
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since ¢; must be either m; — 1 (if the target has been detected from sensor | and its

measurement fell in the validation gate) or m;. Using Bayes’ formula one has

(1-Pp, Pg, )(1=Pp, Pg, )pr (m1)ur (mz)
P{m1 =m1 ,mzzmz}

Plp1 = m, g2 = majm; = my, my = my] =

(1_PD1 PGl)(PszGz)“F(ml)“F(mQ_l)
P{mlzml,mgzmg}

P[(bl =mi, ps = Mo — 1’1111 =M1, My :m2] =

(Pp, Poy ) (1-Ppy Po, ) pr (M1 —1)pp (m2)
P{m;=m; My=mz}

Plp1 = m1 — 1,2 = mo|my = my, my = mo]

(Pp, P, )(Pp, Pay ) e (mi—1)pp (ma—1)
P{m1 =m1 ,mgzmz}

Plpr =m1 — 1,¢2 = mg — 1|my = my, my = mo] =
(A.5)

where pp(my) is the probability mass function (pmf) of the number of false measurements
and Pp,Pg, is the probability that the target has been detected and its measurements

fell in the gate for sensor I. The common denominator in (A.5) is

Plm; =my,mg =my] = (1— Pp,Pg,) (1~ Pp,Pg,)pr(mi)pur(msz)
+ (1= Pp, Pa,) (Pp,Pa,) pr(ma)pr(me — 1)
+ (Pp, Pg,) (1 = Pp,Pa,) ptr(m1 — 1)pup(m2)

+ (PD1PG1) (PD2PG2) MF(ml - 1):“F(m2 - 1)' (A'G)

From (A.5) and (A.6) we have

P[ea,b|Mg7 Zk—l] _ P[Qa’b‘ml,mg]
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m m) 171
(1 - PD1PG1)L1)) [PD1PG1 + (1 - PD1PG1)%}

pr(mi—1

- - —1
x (1 = Pp,Pay) 25520 | P, Pa, + (1 = Pp,Pa,) 7250251 a =0, =0

m m1) 171
(1_PD1P01)L1)) |:PD1PG1+(1_PD1PGI)%}

pp(mi—1

_ -1
X %QPDQPG’Q [PDQPG2+<1_PD2PG2) o } ’ (ZIO, bzla"‘me

pr(m2—1)
A-Pp, Pg, [Pp, P, + (1 Pp, Pa,) ;1000 }_1
my L D14 G |[Di Gy D1 VG ) g (mi—1)
_ Sy -1
x (1= Pp,Pg,) etz [PDQPGQ +(1- PDQPG2)%} Ca=1,---,m, b=0
L P, Pg, |Pp, Pa, + (1 — Pp, Pg,) A2t }*1
milDlG1|:D1G1 DlGlm
-y 1-1
X ﬁ% D2PG2 [PDQPG2+(1_PD2PG2)%} ;o a=1,-,my, b=1,-- ma.
(A7)
Using the (nonparametric) diffuse prior model [12]
pr(my) = pp(m —1) =6 (A.8)

where § is irrelevant since it cancels out. Exploiting the diffuse model for clutter, we

obtain Eqn. (3.46).
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APPENDIX B

DERIVATION OF EQN. (6.62)

For the coupled state vector xj of a group of two targets defined in (6.2), the

conditional probability of unresolved targets given x is defined as (6.28)

P(Aim) = exp{~; W) = Kan@)] B [aw) - K@) |

1/2

= ’271'Rl’d’ N (O;hl’d(l‘k),Rl’d) . (B'l)

From the definition of Eqns. (6.62) and (6.28), P,;]’l’a can be expressed as

PP = [ PN s s ) do
1/2
_ /’szlvd\ //\/(0; hl’d(xk),Rl’d)N(:ck;:f:ilk_l,PkJ‘k_l)da;k. (B.2)
1

! T gt - \T p—1 .
B |277Pk1/2/eXp{_2 {(ka) A7 g + (o — 2n)" B ($k—$k)} dry

where we redefine
W Po=Pl,, M=HPM A=RY (B.3)
Let

T = [(Tag)" A~ Mg + (g, — )" Pyt (= 20)] (B.4)

Recall that the trace of an n x n matrix is the sum of its diagonal elements, and, from
the elementary properties of trace (‘tr’ stands for ‘trace’):
1. tr(A) := > a; = tr(A’) where a;; is the elements of A
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2. tr(AB) = tr(BA) where Ais m xn and Bisn xm
3. tr(ABC) = tr(BCA)= tr(CAB) where A, B, and C are n X n

4. 27 Az = tr(2T Az) = tr(2” Az), where z is a n x 1 column vector and A is n x n

matrix,

it is clear that T is equal to tr(Y). Thus we can manipulate (B.4) as follows;

T o= e (M) A g+ (o — )T P (o )]
=t [(07A7 4 P wad — P taga] — af B+ Py Vi

= tr |R el — Qaf — QT + i”zPlgli“k}

- tr ::::;{R_lxk — R'RQ2T — 2,QTRR™ + @{Pglﬁ;k]

= tr ::L"gR_lxk — R Wl — 2 UTRY+UTR'U - UTR™ U + @{P,;lsﬁk]
— [:c{R—lmk ~ Rl —xpU'RY+ UTR'U - UTR™U + @{P,;lzﬁk]
= (2, -U)"R Y (ap - U)+2fP ey —UTR™U (B.5)
where, for simplicity,
1. T 4-1 ~1\ !
Q:=P &, R:= (H AT+ P, ) )

-1
U:=RQ = (MA™' I+ P Pyl (B.6)
Next from (B.3) and (B.5), Eqn. (6.62) can be rewritten as

2w R|/? 1
| WR’ p{_ {jjgpk_lik _ UTR—IU:|}
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x / L {—; (wx — U)T R (g — U)}d:ck. (B.7)

|27TR|1/2 P

From the second term (integration part) in (B.7), since xj is a Gaussian random vector

with parameters U and R, the integration part of (B.7) turns out to be

1 1 _
m
Therefore, now we get
27 R|'/? 1
Pl = ; ”P ||1/2 exp {—2 |#h Pyt — UTRlU]} . (B.9)
U

Then from (B.6), the exponential part of (B.9) can be obtained as

if Pty —UTRTIU
=&l P % — QTRQ
=3Tp e, — 2P YRP
=Tl Tk — T Ly k Tk
I -1
=il | Pt - Bt [IT AT+ P P,;l] 21 (B.10)

I —1
=T |p;1 - P! {Pk ~ BT [T + 4] HPk} P,;l} 2

— & 07 A + 4] H] B

= ()T [HPkHT + A] iy

—1
Substituting (Ilix)" [T + A| iy, for 2 Py 'ax — UTR™IU (B.10) thus yields
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1 -1
X {—2 ()" [HPkHT+A] H:%k}

" 1/2
[R["? (2m)"=/* [IPIT + A .
_ T N(O;Hi:k,HPkH +A). (B.11)
k

Recall the elementary identities of determinants (‘det’ stands for ‘determinant’):
1. det(AB) = det(A)det(B) = det(BA) where A and B are square matrices
2. det(I,, — AB) = det(I,, — BA) where A is n x m and B is m X n.

The determinant operation part of (B.11) can by simplified as (|A| = det(A))

|R|"/?| P, 7 +A]?

| Py |2

= (det |(TIRIIT + A) RP,;lDl/2 . (B.12)
Then we also rewrite (B.12) as
det [(HPkHT + A) RP,;I}
— det [(HPkHT + A) (Pk _ pa’ [HPkHT 1 A}_l HP) Pkl]

—1
nPI7 + A (I — pa’ [HPkHT + A] Hﬂ
(B.13)

det (TIP, HT+A) det (1 P17 [HPkHT+A] 11‘[)

- e
(

det (TIPLIIT 4 A) det <1 - [P 4 4] HPkHT>
(

det (TIP,IIT 4 A — TIPIIT) = det (A) = |A].
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From (B.3), (B.11), (B.12), and (B.13), it turns out that

PP — (22 | A2 A <O;H§;k, np,I’ + A)

jlv]-l
1/2 Hy,

= ’27rR1’d + R

e R L
H]‘Z??l
(B.14)
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