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Abstract

Random Finite Sets for Multitarget Tracking with Applications
Trevor M. Wood, St. Anne’s College
Submitted towards Doctor of Philosophy, Michaelmas Term 2011

Multitarget tracking is the process of jointly determining the number of targets
present and their states from noisy sets of measurements. The difficulty of the mul-
titarget tracking problem is that the number of targets present can change as tar-
gets appear and disappear while the sets of measurements may contain false alarms
and measurements of true targets may be missed. The theory of random finite sets
was proposed as a systematic, Bayesian approach to solving the multitarget tracking
problem. The conceptual solution is given by Bayes filtering for the probability dis-
tribution of the set of target states, conditioned on the sets of measurements received,
known as the multitarget Bayes filter. A first-moment approximation to this filter,
the probability hypothesis density (PHD) filter, provides a more computationally
practical, but theoretically sound, solution.

The central thesis of this work is that the random finite set framework is theoret-
ically sound, compatible with the Bayesian methodology and amenable to immediate
implementation in a wide range of contexts. In advancing this thesis, new links be-
tween the PHD filter and existing Bayesian approaches for manoeuvre handling and
incorporation of target amplitude information are presented. A new multitarget met-
ric which permits incorporation of target confidence information is derived and new
algorithms are developed which facilitate sequential Monte Carlo implementations of
the PHD filter.

Several applications of the PHD filter are presented, with a focus on applications
for tracking in sonar data. Good results are presented for implementations on real
active and passive sonar data. The PHD filter is also deployed in order to extract
bacterial trajectories from microscopic visual data in order to aid ongoing work in
understanding bacterial chemotaxis. A performance comparison between the PHD
filter and conventional multitarget tracking methods using simulated data is also

presented, showing favourable results for the PHD filter.
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Chapter 1

Introduction

1.1 Motivation and Scope

Among the first practitioners of sonar were marine mammals like dolphins and sperm
whales which use the technique of echolocation for navigation and hunting. Outside
of the water, the same trick is used by numerous species of microbat which are able
to perform the impressive feat of simultaneously navigating, detecting and catching
mobile prey while flying. The first recorded human use of sonar was not until 1490
when Leonardo Da Vinci is said to have placed a tube into the water in order to
hear ships large distances away. The latter is an example of passive sonar which
involves listening without transmitting. Active sonar, which involves transmitting,
as in echolocation, was first proposed by humans in the early 20th century as a
means of locating the wreck of the Titanic. Shortly after the sinking of that vessel
in 1912, the First World War broke out and military applications of sonar began to
be investigated. Sonar is used to this day to detect submarines and other vessels.
The process of detecting and tracking submarines in sonar data, and targets in more
general data, will be the motivation for this thesis.

Let us stay, for the moment, with the example of submarine tracking in sonar
data due to its intuitive appeal. In active sonar, a sound pulse, or ‘ping’, is sent
out from an emitter, bounces off anything it encounters and returns to a receiver.
For each point in the region of surveillance an amplitude is calculated based on the
magnitude of the returning signal using the technique of beamforming [119]. Peaks in
this amplitude data are extracted as target detections. It is with the measurements
due to these detections that the majority of this work will be concerned.

In single target tracking, for each time step, k, a measurement z;, is received due to
a target with unknown state x;. The measurements may be corrupted by noise. The

goal is to infer the unknown state of the target, x;, conditioned on the measurements,



z;, received at each time step £ . When the measurements are noisy, no unambiguous
‘true’ state may be discerned. The Bayesian solution to this problem is to compute,
at each time step, the posterior density for the target state, conditioned on all of the
measurements received up to that time step: f(xx|z1, ..., 2x). The calculation of these
posterior densities is known as the Bayes filter. The Bayesian approach is the de
facto standard methodology for single target tracking. The Kalman filter, developed
in 1960 by Rudolf E. Kalman [58] provides an optimal solution to the Bayes filter in
the special case when all noise is Gaussian and all forward and measurement models
are linear. Finding tractable, sufficiently accurate approximations to the Bayes filter
remains an active area of research which has thus far provided the Extended Kalman
filter [2], Unscented Kalman filter [57], Gaussian Sum filter [111], the particle filter
and the latter’s many variants [5].

Unfortunately the realities of tracking are often less simple. Multitarget tracking
is a generalisation of the above problem and is the problem many practical tracking
systems must deal with. In multitarget tracking, a set of indistinguishable measure-
ments is extracted at each time step. Some of these may be false alarms, not due to
any target. Furthermore, detections of actual targets may be missed. In multitarget
tracking, the goal is to infer how many targets are present and their states using the
sets of detections at each time step.

Conventional approaches to this problem are based on data association: associ-
ating a particular measurement with each target present. However, it will be shown
that there are theoretical problems with this approach. In the last decade, a new
Bayesian approach, called random finite set theory, has been attracting attention.
The random finite set approach, largely due to Mahler [75], involves treating the set
of states for targets present at time k as a finite set, denoted X}, with an unknown
number of members. The problem may be viewed as jointly determining the number
of elements in the set, and its members. In random finite set theory, however, the
goal is to infer a posterior density for the set X conditioned on the sets of measure-
ments received, 71, ..., Z;, at each time step. Note that the posterior density is over
the space of finite sets. This approach permits a rigorous Bayesian treatment of the
multitarget tracking problem.

The central thesis of the present work is that the random finite set framework
is theoretically sound, compatible with the Bayesian methodology and amenable to
immediate implementation in a wide range of contexts, particularly those relating to

sonar tracking. In advancing this thesis, the following are presented:



e The background of random finite set theory, including an elaboration of the
link with point process theory and the derivation of the multitarget Bayes fil-
ter and the probability hypothesis density (PHD) filter along with details of

implementation.

e New links between the PHD filter implementations and existing Bayesian ap-
proaches to manoeuvre handling and incorporation of target amplitude infor-

mation.

e Development of new techniques for the sequential Monte Carlo implementation
of the PHD filter.

e A new multitarget metric incorporating target confidence information.

e Applications of the PHD filter in real active and passive sonar data showing

good results by comparison with existing methods.

e New applications of the PHD filter for tracking cell trajectories in microscopic

visual data.

Additionally, single target tracking methods are presented and evaluated in a Bayesian
manner, unlike conventional filter evaluation. This methodology suggests an alterna-

tive method for target prior selection which is shown to improve results.

1.2 Organisation of the Thesis

The work in Chapter 2 concerns the single target tracking problem. In Section 2.1,
there is a presentation of the Bayes filter and its relationship with the Kalman filter
along with a review of the most popular approximate methods for single target filter-
ing. In Section 2.2, the single target approximate filters are evaluated by comparison
with the ‘correct’ answer: the Bayes filter, computed here using an adaptive grid.
An alternative method for choosing single target priors is given in Section 2.3, while
Section 2.4 summarises the method of using jump Markov linear systems (JMLS) to
model target manoeuvres.

Chapters 3 and 4 contain the background material relating to multitarget tracking
using random finite sets. A summary of the conventional approaches to multitarget
tracking is given in Section 3.1 along with a critique of the methods based on associ-
ation hypotheses. Sections 3.2 to 3.3 give the background to random finite set theory
including detailed derivations of the multitarget Bayes filter. The derivation of the



PHD filter is given in Section 4.1. Example calculations are also given for illustrative
purposes. Full details of the sequential Monte Carlo (SMC) and Gaussian mixture
(GM) implementations of the PHD filter are given in Section 4.2.

Chapter 5 focuses on analysis of, and extensions to the PHD filter. In Section
5.1, new techniques are presented culminating in the improved SMC-PHD filter with
track continuity. In Section 5.2, a general scheme for the PHD filter with JMLS
manoeuvre handling is presented which uses the framework of interacting multiple
models. It is shown that the scheme reduces to the established JMLS-GM-PHD filter
in the linear, Gaussian case and the JMLS Bayes filter in the single target case. In
Section 5.3, an analysis of the PHD filter with target amplitude information demon-
strates a similarity with the Bayesian track-before-detect methodology in a special
case. A new variation of the optimal sub-pattern assignment (OSPA) metric which
incorporates target confidence information (which is important to many multitarget
filters) is presented in Section 5.4.

A range of applications of the PHD filter is presented in Chapter 6. Active sonar
data with a synthetic target is studied in Section 6.1, with a focus on detecting and
tracking low signal-to-noise ratio (SNR) targets. Passive sonar data is considered in
Section 6.2 where the combination of a new denoising scheme with a random finite
set formulation of the problem of detection tones in the frequency domain permits
the detection of low SNR tones. In Section 6.3, the PHD filter is deployed on mi-
croscopic visual data to extract bacterial trajectories for motion analysis. Simulated
data is studied in Section 6.4 to allow a performance comparison of GM-PHD with
conventional methods evaluated using practical performance indicators and the OSPA
metric.

A summary and conclusions, including a discussion of possible avenues of future

work is given in Chapter 7.

1.3 Original Contributions

o Single target filter performance comparison (see Sections 2.2 and 2.3):
— Performance evaluation of popular approximate single target filters based
on a comparison with Bayes filter posteriors.

— Implementation of an adaptive grid method for computing the Bayes filter

posterior.



— Proposal of a new method for choosing single target priors and preliminary

test results showing improvement in performance using this choice of prior.

o Contributions to the presentation of the random finite set theory background
(see Chapters 3 and 4):

— Presentation of simple worked example calculations of the multitarget
Bayes filter and PHD filter.

— Original proof of an intermediate result from the derivation of the PHD

filter given in full in Appendix B.1.

e New methods for implementation of the SMC-PHD filter (see Section 5.1 and
[156]):

— Identification of a new class of problems with the clustering step in the
SMC-PHD filter.

— Proposal of a method for jointly determining the number of clusters and
clustering for track extraction in the SMC-PHD filter. Performance of this

method is verified by testing on simulated data.

— Proposal of stratified resampling method and optimisation of maintained
track labels in order to permit track continuity in the improved SMC-PHD
filter of Ristic et al. [96].

— Gating method proposed to increase computational efficiency in the im-
proved SMC-PHD filter with track continuity.

— Test results demonstrating the effectiveness of the improved SMC-PHD
filter with track continuity and the gating method.

o Jump Markov Linear System (JMLS) PHD Filter (see Section 5.2 and [131]):

— New method proposed using interacting multiple models to allow imple-
mentation of PHD filter for targets with JMLS dynamics. This removes

the need for further assumptions on target dynamics.

— The JMLS-PHD filter reduces to the established JMLS-GM-PHD filter of
Pasha et al. [90] when forward and measurement models are linear and

Gaussian.

— The JMLS-PHD filter reduces to the JMLS Bayes filter in the single target

case.



o Comparison of the PHD filter with target amplitude information of Clark et al.
[29] (SNR-PHD filter) with track-before-detect methodology (see Section 5.3):

— The track-before-detect filter in the case of 0 or 1 targets is equivalent to

a multitarget Bayes filter.

— Existence of a close link between track-before-detect particle filter of Salmond
and Birch [105] and a special case of the SNR-PHD filter.

— Existence of a close link between the HMM implementation of track-before-
detect filter and a special case of the SNR-PHD filter.

— The above suggest that the SNR-PHD filter provides a rigorous method
for extending the track-before-detect methodology to the multitarget case.

— Illustrative results demonstrate the effectiveness of the SNR-PHD filter for

a multitarget scenario.

e New variation of OSPA metric incorporating track confidence information (see
Section 5.4):

— Standard formulation of the OSPA metric does not take into account track
confidence information such as the weights in the PHD filter, which is

important to many multitarget trackers.

— A new distance taking this information into account is proposed and it is

shown that this distance is a multitarget metric.

— Properties of the new metric include preferring higher confidence true
tracks, preferring lower confidence false tracks and being equivalent to

the standard OSPA metric when all weights are equal to one.
e [mplementation of the PHD filter on active sonar data (see Section 6.1):

— Demonstration of the effectiveness of the PHD filter for detecting and

tracking a low SNR synthetic target in active sonar data.

e Implementation of the PHD filter on passive sonar data (see Section 6.2 and
[135]):
— A new denoising method based on a combination of the Radon and Wavelet

transforms.

— Formulation of the problem of detection and monitoring low SNR tones in

audio data as a multitarget tracking problem in the frequency domain.
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— Results on real and simulated passive sonar data demonstrating good per-

formance at detecting and monitoring tones.

Tracking bacteria in microscopic visual data using the PHD filter (see Section
6.3 and [137]):

— Implementation of the PHD filter on microscopic visual data to extract

bacterial trajectories.

— A significantly larger number of trajectories extracted than was possible

using older methods.

— Trajectories extracted used to verify a prediction from fluid dynamics re-

lating to the behaviour of bacteria near surfaces.

Performance comparison of the GM-PHD filter with data association methods
(See Section 6.4 and [133]):

— Results showing superior performance of the GM-PHD filter by compar-
ison with nearest neighbour and probabilistic data association methods,

particularly in high levels of false alarms.

1.4 Publications

[131] T.M. Wood, “Interacting methods for manoeuvre handling in the GM-
PHD filter”, IEEE Trans. on Aerospace and Electronic Systems, 47(4):3021-
3025, 2011.

[135] T.M. Wood, D. Allwright, P. Bond, S. Long and I. Moroz, “A new method
for processing passive sonar data”, Proc. 15th International Conference on
Information Fusion, Edinburgh, 2010.

[136] T.M. Wood, D. Clark, B. Ristic, “Efficient resampling and basic track
continuity for the SMC-PHD filter”, Proc. Cognitive Systems with Interactive
Sensors, 2010.

[133] T.M. Wood, “Tracking in dense clutter with the PHD filter”, Proc. IMA
Mathematics in Defence, 2009.

[137] T.M. Wood, C.A. Yates, D. Wilkinson, G. Rosser, “Simplified multitarget
tracking using the PHD filter for microscopic visual data”, In Press, IEFE

Trans. on Circuits and Systems for Video Technology.
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e [134] T.M. Wood, “Detecting and tracking multiple stealthy targets: compari-
son of PHD filter and track-before-detect approaches”, Proc. IMA Mathematics
in Defence, 2011.

1.4.1 Author’s Contribution to Jointly Authored Papers

“A new method for processing passive sonar data” with D. Allwright, P. Bond, S.
Long and I. Moroz.

e Implementation of the denoising method, which was conceived by the other

authors.

e Formulation of the detection and tracking of tones in an audio signal as a

multitarget tracking problem in the frequency domain.
e Results for real and simulated passive sonar data.

“Efficient resampling and basic track continuity for the SMC-PHD filter” with D.
Clark and B. Ristic.

e The idea of achieving clustering using the resampling step was due to D. Clark

but the details of the stratified resampling scheme were due to the author.

e Scheme for track continuity by optimising the number of track labels main-

tained.
e Idea and implementation of the gating step jointly with D. Clark.
e Implementations and results obtained using numerical simulations.

“Simplified multitarget tracking using the PHD filter for microscopic visual data” with
C.A. Yates, D. Wilkinson and G. Rosser

e Idea and implementation details for PHD filter applied to microscopic visual
data.

e Manual analysis for verifying performance jointly with G. Rosser.
e Simulations for performance analysis.

e Analysis of bacterial trajectories leading to probability densities for stepwise

angle changes.



Chapter 2

Single Target Tracking

2.1 Filtering

The term ‘filtering’ is taken from the idea of removing impurities (as if from water) and
is applied, in this instance, to removing noise from information. Anderson and Moore
[2], in their textbook on “Optimal Filtering”, highlight this comparison, writing that
measurements will “contain random inaccuracies or be contaminated by unwanted
signals and filtering is necessary to make the control close to that desired”.

An important development in the study of filtering occurred in 1960 with a discov-
ery by Rudolf Emil Kalman [58]. Grewal and Mohinder [45] refer to the Kalman filter
as “one of the greatest discoveries in the history of statistical estimation theory”. A
Kalman filter was at the heart of the navigation computer for the Apollo space mis-
sions [51] and Kalman filters remain important to control systems, for example, in
manufacturing processes, aircraft and ships. Just as impressive is the simplicity of
the Kalman filter; an implementation needs no more than six lines of MATLAB code.

In this subsection, single target tracking will be formulated as a filtering problem.
A conceptual solution will be given the form of the Bayes filter and a key relationship
between the Bayes filter and the Kalman filter will be demonstrated. Finally, some
important developments of the theory of filtering in the 50 years since Kalman’s

seminal paper will be presented.

2.1.1 Problem Formulation and the Bayes filter

Consider an evolving system with unknown state x;, and a measurement, z; made of
the system, both at (discrete) time k where x; and z; belong to R™ and R™ respec-

tively for some integers n and m. Let the evolution of the state and the measurement



process be given by

Xpr1 = [(Xk) + Vi, (2.1)

Ziyr = h(Xpp1) + Wiy, (2.2)

respectively. Here f, h are the deterministic (generally nonlinear) terms of the forward
and measurement processes and vy 1, Wiy are the random terms, considered ‘noise’
and assumed here to be additive.

In single target tracking, x; is taken to be the state of the target. This might
include position, velocity and possibly acceleration of the target in some cartesian
coordinate system or any other relevant parameters. Typically, the dimension of the
measurement, z, will be lower than that of x;.

Consider, as an example, active sonar in which at discrete time intervals a sound
signal (or ‘ping’) is sent out and is detected as it is reflected from a target. It is
not possible to measure the velocity or acceleration of the target directly, but the
range of the target may be calculated from the time taken for the sound wave to
return and the bearing may be calculated using beamforming [119]. In this case, the
measurement is zy = [r, 0] = [\/x} + 7, arg(zy, + iyy)]-

The problem is: infer the unknown state x;, at time k, given the measurements
up to time k, Z* = (zy, ..., z;). Due to the multiple sources of noise in (2.1-2.2), and
the lower dimension of the measurement in the example, it will not be possible to
infer x; exactly. Therefore, the solution to the inference problem is: compute the
probability density for x;, conditioned on Z*, for all k. This probability density will
be written fi(xx|Z*).

Note that for the rest of this thesis, the notation f will be used to denote probabil-
ity density functions. The corresponding random variable for the probability function
and any conditioning should be made clear and the subscript indices will denote the
time step. A subscript index such as f;1x will denote a prediction from time step &
to time step k + 1.

The Bayes Filter

Assume that there is a known prior probability density, foo(xo) encapsulating the
information known about the system state before the first measurement arrives. For
the active sonar tracking example, this might be a uniform density over some finite
region of surveillance, or it may have a peak at some region where targets are known

to hide. The essential feature of the method is induction over the time step. It will be
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shown how to compute the probability density at time step k41, fii 11 (Xp1|Z5),
given the probability density at time step &, fi (x| Z%).

First, the predicted density fyi1x(Xx+1/2%) will be computed for known Z* using
the forward model (2.1). Begin by considering the full joint density, f(Xp;1, Xk, Vis1]|Z*)
from which the non-relevant variables will be marginalised out using the law of total

probability. Standard conditional probability gives

J (Xpy1, X, Vk+1|Zk) = f(Xk+1|Zkan7Vk+1)fV(Vk+1|Zk)f(Xk|Zk)- (2.3)

Here, fy(vii1|Z%) is the probability density for viy; conditioned on Z* and the
independence of x; and vi, is assumed.

Using the fact that if x5 and v, are given then x4 is uniquely determined (and
so has a multidimensional delta function for a probability density), and also assuming

the independence of v, and Z*,

F gty Xp, Vipr | 25) = 0 (ki1 = F(xk) = Vi) - (Vi) - (el 25). (2.4)

Integrating out v,,; and using the law of total probability and the sifting property

of the delta function gives

f(XkH,Xk\Zk) = fv(Xp — f(xx)) - fklk(xk|Zk)- (2.5)

Similarly, integrating out x; gives

fk+1|k(xk+1|Zk) = /fV(Xk+1 — f(xx)) - fk\k(xk’Zk>ka7 (2.6)

which is the predicted density.

Using a similar method, it is possible to derive the updated, or ‘posterior’, density
Sit1jb+1(Xe+1|Z5Fh) for known Z*T! using (2.2). Again, begin with the full joint
density

f (Xt 21, Wit | 25) = 0(zi1 — h(Xur1) = Wi) fov (Wieer) fopin (X1 | 27), (2.7)

using the same logic as previously and assuming that the measurement noise is in-
dependent of the target state and previous measurements and with fy (wg,1) being

the probability density of wy,1. Integrating out wy,, gives

f(Xk+1,Zk+1|Zk) = fw(Zr1 — h(Xk+1))fk+1\k(Xk+1’Zk>~ (2.8)

A further application of conditional probability gives

Srrt (1|2 = C7 f (X1, 2011| 27) (2.9)
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where C' is the normalising constant

C = flzn|2") = /f(Xk+1aZk+1|Zk)ka+1- (2.10)
Combining (2.6), (2.8) and (2.9) and using the standard notation

Serrp(Krralxe) = fv(Xno — f(xk)), (2.11)
Jrer1(Zrsa [Xpr1) = fw (Zer — h(Xk11)), (2.12)

where the former is referred to as the Markov density and the latter is the likelihood

function. Using this notation, the Bayes filter may be written as [20] [63]:

Srsie (%41 Z%) = /fk—l—lk(XkJrllxk) S (x| Z7)dxy, (2.13)

Z") fes1(Zhs1 | Xpt1)
gk+1y fk+l|k:<xk+1| + + +
e s ) f(z41|2%)

This is a conceptual solution for calculating the probability density for x; conditioned

(2.14)

on Z*. Only in special cases can this be reduced to known functions and in general an
approximation is required. In Section 2.1.2 a special case where the Bayes filter can
be easily computed will be presented and in Section 2.1.3 a series of approximation

strategies will be considered.

2.1.2 Bayes Formulation of the Kalman Filter

The Kalman filter is typically derived by minimising expected squared estimation
errors, as in Kalman’s original paper [58]. However, Kalman himself points out that
minimising expected estimation errors is only one possible way of choosing an esti-
mator and furthermore it might be noted that focusing on square errors is not the
only possible option. By contrast, in this section the Kalman filter is derived as a
special case of the Bayes filter (2.13-2.14), following the approach in [48].

The special case considered is where all of the deterministic terms of the forward
and measurement models (2.1-2.2) are linear and are represented by the matrices Fj
and Hj respectively. Furthermore, all noise is assumed to be zero-mean, white and
Gaussian with covariance @ for process noise (i.e. in the forward process) and Ry

for measurement noise. Hence, (2.1-2.2) may be written as

Xpt1 = FpXp + Vi Vi1 ~ N(0, Qr11), (2.15)

Zpgi1 — Hk+1Xk+1 + W1 W1 ™~ N(O, Rk+1). (2].6)
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The notation N (p, P) denotes the normal distribution with mean p and covariance
matrix P where P € R™"™ when p € R". Similarly, the notation N (x; p, P) denotes
the probability density function (p.d.f.) of the same normal distribution evaluated at
x. Using these conventions, the Markov density and likelihood function from (2.13-

2.14) may be expressed as

fk+1|k(xk+1|xk> = N(Xk+1§Fkaan+1)a (2-17)
fk+1(zk+1ka+1) = N(Zk+1;Hk+1Xk+17Rk+1)- (2-18)

For the derivation, the following algebraic identity will be required, the proof of which
may be found in [75, App. D|:

N(r; Hx, RN (x;p, P) = N(r; Hp, R+ HPH" )N (x;e, E), (2.19)
where
E=(P'+H'R'H)™, (2.20)
e=FEP'p+H'R'r). (2.21)
Prediction

Assume that fy(xx|Z*) = N (xk; Xk, Pej). Then, from (2.13),
frrpe(xe112%) = /N(Xk+1; FiXy Qre1)N (X5 Xy Pry) A (2.22)
= /N(Xk+1; FiexXpjis Qur + Fi Py FlDN (x4 €, E)dx(2.23)

using (2.19). The term on the right is a probability density and hence integrates to
1. Therefore,

S (Xe1]| Z%) = N (Xps1; FexXge, Qurr + FePopF ). (2.24)

Update
Re-writing fri1x(Xi+1]2%) = N (Xpi1; Xps 10 Porape)s (2.14) gives

Fropost (X 1\Zk+1) _ N (Zrs1; Hep1Xpr1, Rigr) - N (Xps1; Xk+1ks sz+1\k)
P S N(2Zis1; Hip1Xpr1, Ris1) - N (Xt 15 X1, Po1i) dXe1

(2.25)
Using (2.19) again:
fk+1\k+1(xk+1|Zk+1)
_ N (Zps1; He1Xpi1j6> B + Hior Posap HE N (Xpg15 €, E) (2.26)
S N (211 HerXne1j, R + Hi P e HE DN (Xig15 €, E)dXgqq '
= N(xXp41:€, E), (2.27)
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where

E= (Pk_juk + HIZ1+1R;i1Hk+1)_1a (2.28)
€= E(Pk_jl\kxk-*-l\k + Hi Ryt 2is)- (2.29)

Using [48], these may be re-written as

E = Py — PoyipHiy (Hyo1 P HE o+ Rir) ™ Hieor Proga g, (2.30)
e = Xpr1k + PrsrpeHi sy (Hi Pryrp Hyyy + Rigr) ™"
(Zk—H — Hk»_l’_le-Jrl‘k). (231)

Therefore it can be seen that in the linear, Gaussian case, as long as the prior proba-
bility density is Gaussian, all subsequent predicted and updated probability densities
will also be Gaussian. Furthermore, the means and covariances of these densities can
be calculated using only matrix algebra. Doing so permits the calculation of means
and covariances for the state x; using the scheme below, which is the well known
Kalman filter.

The Kalman Filter - Writing x|, and Py, for the mean and covariance of fy,(xx, Z k)
and Xj11; and Pyiq); for the mean and covariance of fii1)x(Xg41, Z"T)7 these may be

computed as:

Prediction:
Xk+1lk = Fka|k (232)
Pep = Qi1+ FuPurFy (2.33)
Update:
Kiy1 = PoppHl (Hpor Py + Rier) ™! (2.34)
Xptiht1 = Xipik + K1 (Zrr — HeiXegge) (2.35)
Priprn = (I— K1 Hepr) Py (2.36)

2.1.3 Approximation of the Bayes filter

It was shown above that in the case where (2.1-2.2) were linear and Gaussian, the
calculation of the Bayes filter reduces to a matrix calculation. However, if these
equations are either nonlinear or have correlated or non-Gaussian noise then other
strategies will be required to calculate the Bayes filter. There are a plethora of meth-

ods available and it is clearly not possible to provide anything approaching a detailed
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survey. Instead, a very brief introduction to five important classes of methods will be
presented. These methods of approximation are: Taylor series, sigma point, Gaussian

sum, sequential Monte Carlo and grid-based methods.

Taylor Series Approximation

A simple and popular [95] method of approximation, based upon a Taylor series
truncation, is the Extended Kalman Filter (EKF). In order to derive this, start with
(2.1-2.2), assuming that f; and hg,; are sufficiently differentiable, and Taylor ex-

pand about the expected trajectory as follows (using ‘h.o.t.” to denote ‘higher order

terms’):
0
Fiolxi) = fiolxun) + f;fcx) [ (66 = Xup) + huot.(2.37)
oh
hk‘+1(xk+1) = hk+1 (XkJrl‘k) -+ ka;}l((X)Lc:kak(Xk — Xk|k) —+ h.o.t. (238)

Here, the derivatives are the Jacobian matrices of f; and hyy; respectively and will
be denoted F,E] and H 1&11 hereafter. Neglecting the higher order terms leads to the
linearised form of (2.1-2.2)

Xk+1 — F]EI]Xk + Vi + ug, (239)
Ziy1 = H1[91+11Xk+1|k + Wit + Vst (2.40)

where
= fr(Xpe) — Fk[llxk\k o Va1 = Pt (Xegage) — H][glJ]rle+1|k- (2.41)

The Extended Kalman filter is then derived via the Kalman filter for the above

linearised equations and is given by [2, ch. §]

Prediction:
Xk+1lk = fk(xk\k>a (242)
Peoe = FUP(FNT + Qs (2.43)
Update:
Ky = Pk+1lk’(Hl[clq]q)T(HIE;IJ]rlPkHIk(Hl[:J]rl)T + Rk;+1)_17 (2.44)
Xptilbr1 = Xpgifk + K1 (Zopr — H][ﬂrlxk—i-l\k)a (2.45)
Peiprn = (1= Ky L) Poyappe (2.46)
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There are some obvious problems with the Extended Kalman filter as an approximate
Bayes filter calculation. The most obvious is that the linearisation in (2.39-2.40) may
not be a good approximation if the higher order terms in (2.37-2.38) make a signif-
icant contribution to the sum and this will introduce error. Just as importantly, by
linearising and then using the Kalman filter framework, there is an inherent restric-
tion to Gaussian probability densities, but of course not all probability densities are
Gaussian. In Section 2.2 an example based on a simple tracking example is presented
which highlights this shortcoming. Simulations conducted in [132] demonstrate that
the EKF can return state estimates which are incorrect by several orders of mag-
nitude more than the uncertainty in the measurements, and so the EKF should be
implemented with caution.

Regardless, the EKF is considered the most widely used estimation algorithm for
filtering nonlinear systems [57], and especially for nonlinear tracking [15], due to its

simplicity and ease of calculation.

Sigma Point Approximation

The Unscented Kalman Filter (UKF) was developed by Julier and Uhlmann [55] who
state that it is “founded on the intuition that it is easier to approximate a probability
distribution than it is to approximate an arbitrary nonlinear function or transfor-
mation”. To this end, the UKF does not linearise the non-linearities in (2.1-2.2)
but instead propagates statistical information through the nonlinear transform using
so-called sigma points.

These sigma points are chosen so that using 2N, + 1 sigma points (where N, is
the dimension of the state space) it is possible to capture the mean and covariance of
xy. Julier and Uhlmann show in [56] that consequently the mean and covariance of
fr(xx) are correct to second order, an order of accuracy higher than the EKF. The
full details of the UKF are presented in Appendix B.4.

It has been demonstrated that the UKF can provide a better approximation to the
Bayes filter in situations where the EKF approximations break down. In particular,
this is shown in the case of a tracking scenario where bearing uncertainty is large in
comparison with range uncertainty in [57]. As this is particularly relevant to sonar
tracking scenarios, this was investigated further in [132], which includes simulated
results showing that the UKF was more able to return reliable estimates for target
state than the EKF. A further investigation will be presented in Section 2.2.

As with the EKF, the filter calculation is reduced to a matrix computation, which

is fast and simple in low dimensions. However, there is again a restriction to Gaussian
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probability densities. The next three methods will not require this restriction.

Gaussian Sum Approximation

In [111], it is shown that any probability density can be approximated with arbitrary
accuracy with a Gaussian sum, which is a weighted sum of Gaussian densities and is
also known as a Gaussian mixture. The Gaussian sum filter utilises this by approxi-
mating the Markov density and likelihood function in (2.13-2.14) by Gaussian sums,
avoiding the reliance on any particular form of these equations. Approximating the
prior density by a Gaussian sum, it will be possible to calculate the Bayes filter ex-
actly using (2.19). It should be noted that in general there is an exponential increase
in the number of components in the Gaussian sum as time increases. Some methods
for managing this growth in the number of Gaussian components will be discussed in

Section 4.2.2. Further details are given in Appendix B.5.

Sequential Monte Carlo
In Sequential Monte Carlo, first proposed in [44], a set of states known as ‘particles’
{XZ\ LY with weights {wi| 1Y (whose sum is equal to one) are used to approximate

the probability density as

e (xk| Z%) Z Wil (1), (2.47)

where 0y is the Dirac delta centred on x. The particles may be interpreted as weighted
samples from the posterior density fk‘k(xk]Zk).
Assuming that the posterior density at time k can be approximated as in (2.47)

and using this in the Bayes filter (2.1-2.2) gives

N

Fretpprr (Xa1| 251 o Z Wi etk (Kt Xigie) frost (Zrr1 [ K1) (2.48)
=1

Therefore, if it was possible to sample x; 1 ~ far1k(s Xpp) fir1(Zr41]-) then the

posterior at time k£ + 1 could be approximated as

N
S er1 (X1 |29 ~ Z wli\k(SX?;HmH (Xps1)- (2.49)

However, it is not generally possible to sample from this distribution. Instead the
technique of importance sampling is used. Importance sampling (see, for example,

[36]) is a technique whereby samples are drawn from a proposal density, instead of
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the target density, and are subsequently weighted. Let 7 be the target density which
cannot be sampled but can be evaluated and let ¢ be the proposal density. The idea

then is to sample x’ ~ ¢(-) and assign importance weights for x’ as

(2.50)

A common choice for the proposal density is ¢ = fry1%(|%x), if it is possible to sam-
ple from this function. Note that it can be seen from (2.48) that with this choice

of proposal density, the corresponding importance weights in (2.49) are w,i k1 =

wlis|kfk+1(zk+l X 1)-

Degeneracy and Resampling

It has been shown in [36] that the variance of the importance weights increases with
time. This leads to a case where some particles have negligible weight and hence are
not contributing to the approximation of the posterior but still require computation.
In the extreme case, this results in particle degeneracy where all of the weight for the
set of samples is on one particle.

A solution to this problem is resampling. Resampling is the process of sampling
(with replacement) from the set of particles using their importance weights as a dis-
crete probability density (this is sampling from a set of samples, hence ‘resampling’).
All resampled particles are given equal weight. Intuitively, this results in higher
weight particles being chosen with higher probability and negligible weight particles
being discarded.

The combination of sequential importance sampling with resampling used at each
time step is referred to as Sequential Importance Resampling or, more commonly, the

particle filter. The steps in implementing a particle filter may be summarised as:

e Sample from initial prior density to give {x{, w{o}ii:-

For each time step k:
e Sample {)A(Zl i +i from the proposal density ¢(-).
e Calculate the sample weights {ID}M}Z using (2.50).
e Resample N times from {Xj;., wp, }2, to give {x,, wj, 1L,

Further details about sequential Monte Carlo methods may be found in the excel-

lent tutorial articles by Arulampalam et al. [5] and Doucet & Johansen [37]. These
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include discussions of important extensions to the standard sequential Monte Carlo
filter presented here, such as the auxiliary SMC filter and the resample-move particle
filter. There is also a summary of known convergence results for the sequential im-

portance resampling filter in [31].

Grid Approximation

For the grid-based method, the state space is approximated by a regular grid consist-

ing of N cells. These cells are centred on the points X’ for i = 1, ..., N. The density is

approximated by a constant value w,i|  on the grid cell centred on %" at time step k.
Let the pdf at time &k be given by

Fue (x| Z") = B wi L (x) (2.51)

where 14 is the set indicator function on the set A and X' is the set of points in the
cell centred on X'

Thus, the Bayes filter can be written as

fk+1|k(Xk+1|k\Zk) = Eﬁilwiﬂwlﬁi(xk% (2.52)
fk+1|k+1(Xk+1|ZkH) = E£i1w1i+11ii(xk> (2.53)
where
wi+1|k = E;Vﬂwim/ N 'fk+1|k(X|Y)dXdY7 (2.54)
yexJd Jxex®

I wlic\k:—l fxeii fr(zg|x)dx -
klk  — : . |
| E;\;lwimﬂ fxe,y‘ pfk(zk\x)dx

A further simplification can be made by approximating fii1x(x|y) and fi(z|x) by

their values at the centre of the cell. If the cells have equal size, this gives

wli+1|k = Zyz1wi\kfk+1|k(&i|§(j), (2.56)
w;c-;-ukfk(zk‘xz)

Z?]ﬂwiﬂ\kfk(zﬂxj)

wlic—&-llk-&-l (2.57)
It is conjectured that this method will converge to the true Bayes filter as the number
of grid cells increases. The potential barrier to using this method is that in order to
achieve sufficiently fine resolution on a high dimensional state space, the number of
grid cells, N, may need to be very large. In particular, (2.56) requires N? evaluations.
This means that, in general and especially in higher dimensional spaces, a grid-based

computation will be infeasible.
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2.2 Performance of Single Target Filters

Several of the approximate methods for computing the Bayes filter described in Sec-
tion 2.1.3 will be tested on a filtering problem relevant to single target tracking in
sonar and radar with a linear forward model and a nonlinear measurement model.
The aim of nonlinear filtering in this case is to infer the position and velocity of a
target moving in a straight line with velocity which drifts with 2-D Brownian motion.

The target state and the (linear) deterministic part of the forward model are

Xp = (T, Yk, Thy Uk, (2.58)
f(xx) = (xp+ dtig, Tr, yr + dtys, i), (2.59)

where dt is the length of the time step between measurements. If it is assumed
that noise in the forward model is zero mean, white and Gaussian, the appropriate
covariance matrix @y for the noise is derived in [6] by discretising white noise in the

velocity components from the continuous case giving

dt* 2dt* 0 0

T 742
sdt® dt 0 0
_ 2

@=al "o o st jar |

0 0 gdt* dt

(2.60)

where ¢ is the rate of variance, or volatility. For the tests below, noise in the forward
model is assumed to be negligible for reasons that will be explained in Section 2.2.1.
The measurements are taken in range and bearing (or 7 and 6) so that the deter-

ministic part of the measurement model is

h(xy) = (\/22 + y2, arg(zr, + iyx)). (2.61)

Measurement noise is assumed to be zero-mean, white and Gaussian with covariance

matrix

2
or 0
- 2.62
(5 %) i
where o, and gy are such that uncertainty in position due to bearing error is signifi-

cantly larger than uncertainty due to range error (i.e. rqoy > o, where 7y is a typical

target range). This case is particularly relevant to active sonar tracking.

Traditional Filter Performance Evaluation

The standard practice when evaluating nonlinear filters for tracking is to compute
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the root mean squared error between the true target state (which is known because
it has been generated) and its estimated value, as computed by the nonlinear filter,
over a number of Monte Carlo trials (see, for example, [15, ch. 3] [55] [69] [95] [142]).
This was the approach taken in the author’s transfer thesis [132]. In the performance
comparison presented therein, it was demonstrated that as the tracking scenario pa-
rameters changed to make the posteriors more non-Gaussian, the performance of the
UKF improved relative to the EKF. Similarly, the performance of particle filter meth-
ods improved relative to the UKF. These results are supported by the extensive range
of examples presented in [95] for nonlinear, non-Gaussian tracking scenarios where
the particle filter outperforms more traditional methods.

Whereas the performance comparison in [132] considered various parameters and
their effect on performance, in this section this will be distilled down to one key
parameter, oy, for clarity of presentation. Figs. 2.1 and 2.2 show an example posterior
density (computed with a uniform prior using a method to be described shortly) for
og = 0.5° and oy = 5°. It can easily be seen that as oy increases, the posterior
becomes increasingly poorly approximated by a Gaussian density. The variation of
this parameter is sufficient to have an impact on the performance of filters such as

the EKF and UKF.

2.2.1 Test Details

Instead of comparing the filter’s state estimate with the known truth, as in the tradi-
tional performance comparison methods, in this section the full posterior, computed
by a selection of the nonlinear filters, will be compared with the ‘correct posterior’.
The computation of a correct posterior was previously considered to be computation-
ally intractable in all but a few special cases. However, due to some constraints on
the forward model, and access to modern hardware, it will be possible to compute a
grid-based solution to the Bayes filter equations on an adaptive grid sufficiently dense
to capture the posterior.

The constraint on the forward model is the absence of process noise. This simplifies
(2.56) to

wlic+1\k = wa|kfk+1|k(Xi|XJ)> (2.63)

where .J is such that f~'(%") € X’ where f is the deterministic term in the forward
model as in equation (2.59). This eliminates the N? factor in the computation, but

does restrict the direct applicability of the results here to cases where there is no
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Figure 2.1: Example posterior computed with oy = 0.5°

Figure 2.2: Example posterior computed with oy = 5°
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process noise. To further facilitate computation of correct posteriors, velocity is re-

stricted to the z-direction.

Adaptive Grid Technique
In order to permit more efficient computation of the posterior, an adaptive grid
method is proposed for a regular grid. The method consists of the following for each

time step:
1. Compute the predicted density using (2.63).

2. Compute marginal densities in each dimension and determine the subset of each

dimension where the probability density is non-negligible.

3. Compute the likelihood and its own marginal densities and determine the subset

of each dimension where this is non-negligible.

4. Choose a new grid in the state space restricted to the region where both the

predicted density and the likelihood are non-negligible.
5. Interpolate the predicted density and likelihood to the new grid
6. Compute the posterior using (2.57).

Thus, at each time step, the adaptive grid ‘zooms’ to the relevant subset of the state
space. This method has proved effective at enabling a computation at sufficient res-

olution while using fewer grid points.

Distance Between Probability Densities

The measure used to quantify the distance between the probability densities will be
an L norm. Let p and ¢ be two probability density functions, then the L;-distance,
sometimes called the total variation distance, between their respective probability

densities is given by

Lilpa) = [ o) ~ gl (2.64)

There are other distances which could have been used, such as the Hellinger distance,

but the Li-norm is easy to compute and has the following equivalent definition:

Li(p, q) = 2max|[p(A) — ¢(A)]. (2.65)
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Here, the max is taken over all subsets, A, of the state space and p(A) is the integral
of the probability density function over the subset A. This result can easily be verified
by choosing A = {x : p(x) > ¢(x)} which clearly maximises |p(A) — q(A)].

The L; norm lies between zero and two and is twice the maximum difference be-
tween the probabilities assigned over the subsets of the state space. It achieves the
minimum value only when the probability densities are equal and maximum value
when p assigns zero probability to every set to which ¢ assigns a positive probability,

and vice versa.

Computing Times

Computing times for methods discussed above were evaluated for a 10 time step run
using a 3.99GHz Intel Core 2 Quad CPU. All times are measured in seconds. The
results are shown in Table 2.1 in which M is the number of particles used for the

particle filter and N is the number of cells used in the grid method.

Method Time (s)
EKF 0.0004
UKF 0.002
PF 0.3 x (M/1000)
Grid 0.3 x (N/1000000)
Adapt. Grid | 9.5 x (N/1000000)

Table 2.1: Computing times in seconds for various filters

There are a few points worth noting about the times for the grid methods.

e [f the resolution is increased by a factor of A then the increase to the number
of cells will be A¥ where k is the dimension of the state space. This means that

the computing times can go up rapidly as increased resolution is needed.

e The adaptive grid’s larger computing time is mainly due to the interpolation
(step 5).

e [t can be observed from Table 2.1 that the adaptive grid is only useful if the
number of cells can be reduced by a factor of 30. In a simple but representative
example with active sonar with range 40km, the adaptive grid was able to
narrow down the plausible locations from an 80kmx80km grid to a 2kmx4km

grid within a few time steps, giving an 800-fold reduction in the number of
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cells for equivalent resolution. This only takes position states into account, and
further improvements could potentially be made with velocity. This suggests

that the adaptive grid will help to reduce computation.

e An adaptive grid will tend to use fewer cells, and this will prevent RAM being

a limiting factor as might be possible for large grids.

2.2.2 Results

Fig. 2.3 shows some example densities for target location calculated for the same data
using the adaptive grid, EKF, UKF and SMC in a case with gy = 5° and o, = 20m
for a target with range 30000m. The posteriors computed using EKF and UKF il-
lustrate the difficulty of capturing the posterior while restricted to the assumption of
a Gaussian densities. The posterior for the EKF here assigns almost zero probabil-
ity density to the maximum point of the true posterior. While UKF alleviates this
problem it is clear that its density is too diffuse. Assuming the grid computation to
be the true posterior, the L, errors of the EKF and UKF filters are 1.627 and 1.641
respectively, worryingly close to the maximum possible error of 2. The posterior
density for the SMC filter was calculated using two-dimensional kernel density esti-
mation [18] courtesy of code available at http://www.maths.uq.edu.au/~botev/.
Visually, the SMC filter is clearly a better representation of the true posterior, but
despite using 10° particles, the density calculated is still grainy and the L; error is
0.726. This is a significant improvement on EKF and UKF but demonstrates the diffi-

culty of obtaining a very accurate posterior estimation in the L, sense using particles.

Verification of Adaptive Grid

In order to verify the ability of the adaptive grid filter to capture the true posterior
density, it was tested in a scenario where the true posterior is known: the linear
Gaussian case. A 10 time step run of the adaptive grid was run and the results were
compared with the Kalman filter which is the true posterior in this case. The L
errors for the adaptive grid for this test are shown in Table 2.2. The results show

that the adaptive grid method is able to accurately capture the posterior density.

Time 1 2 3 4 5 6 7 3 9 10

Ly error | 0.003 | 0.003 | 0.001 | 0.002 | 0.002 | 0.002 | 0.003 | 0.003 | 0.0005 | 0.001

Table 2.2: The L error in the adaptive grid approximation at each time step in a ten
time step run.
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Figure 2.3: Example densities calculated using;:
(a) Adaptive grid (b) EKF (c) UKF (d) SMC
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L, Error in Posterior Densities

The L, errors in probability density were computed for 100 Monte Carlo runs of a
30 time step trajectory for EKF and UKF over a range of values of gy. Difficul-
ties in performing two-dimensional kernel density estimation in increasingly fine grids
prevented the inclusion of SMC in the comparison.

A comparison of the average L; error for both the EKF and UKF is given in
Table 2.3. It can be seen from these results that as oy increases, the error in all
estimated densities becomes worse but that UKF becomes the better approximation.
Perhaps the most striking aspect of these results is that even for low values of oy
the probability densities computed are not a particularly good match to the true

densities. For higher values of oy the density errors are close to 2.

g 1 3 5 10
Error for EKF | 0.9620 | 1.4223 | 1.7125 | 1.8971
Error for UKF | 0.9406 | 1.2558 | 1.4177 | 1.7232

Table 2.3: Average L, errors for EKF and UKF over 100 Monte Carlo runs of 30 time
steps.

Comparison with Cramer-Rao Lower Bound

The work so far in this section has focused on the accuracy of the approximate
posteriors. A different method for evaluating filter performance is to consider the
accuracy of the state estimates derived from a given filter as compared with a known
ground truth. For practical purposes, this second method may be more useful.

In order to explore this in a rigorous manner, the Cramer-Rao Lower Bound
(CRLB) is introduced. An excellent introduction to the CRLB for nonlinear filtering
is given in [95, ch. 4]. Only a brief summary will be attempted here.

The CRLB provides a lower bound for the variance of an estimator. Let X, be
an unbiased estimator for x;, calculated based on the measurements {z, ...,z }. The

covariance of X, denoted P, has a lower bound (the CRLB) expressed as
Pk = E[(}A(k - X]C)()A(k - Xk>T} 2 Jk_l (266)

The inequality here is defined as meaning that P, — Ji 'is a positive semi-definite
matrix. J; here is referred to as the filtering information matrix. Details of how to
compute the filtering information matrix are given in [95, ch. 4].

The CRLB cannot be easily calculated in the general nonlinear case but in the

special case with no process noise, as in the test scenario, a formula for its computation
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is given in [95, p. 76]. A test was conducted using all of the filters described above.
There were 100 Monte Carlo runs of a 20 time step trajectory with oy = 5° and
o, = 20m for a target with range 30000m. The grid used was 200 x 200 x 200
and the number of particles used was 10°. The standard deviation of the position
components of the target state estimates were computed. These are shown alongside
the corresponding CRLB in fig. 2.4. The results show that the grid filter attains the
CRLB, as expected, whereas the EKF, UKF and SMC filter are above the CRLB
with the EKF’s performance significantly worse than the other two. Note that the
errors at time step 1 are entirely dependent on the filter initialisation, which will be

discussed shortly.

3 T T T

error standard deviation
o
T

1
0 2 4 [ 8 10 12 14 16 18 20
time step

Figure 2.4: Comparison of standard deviation for position estimates for adaptive grid,
EKF and UKF filters alongside corresponding CRLB.

Fig. 2.5 shows the ratio of the observed standard deviation in position of the target
state estimates with the corresponding CRLB for a range of values of oy averaged
over 100 Monte Carlo tests for values of oy between 1° and 10°. For low values of gy
the difference in performance is small. As gy increases, it is immediately noticeable
that the performance for EKF worsens significantly and so for scenarios with large
o9, EKF should be used only with extreme caution. An explanation for the rapid

degeneration of performance by the EKF may be found by considering a rule of thumb

28



for performance of the EKF in [65]. For the parameters used in the simulations here,
this rule of thumb predicts good performance of EKF for oy < 1°. This agrees with
results here, where the EKF matches the CRLB at 1° but degenerates soon after. The
performance of UKF also worsens as gy increases, though less dramatically, and as its
computational load is low by comparison with SMC and the grid method, it should be
considered a viable alternative to EKF. The performance of SMC as compared to the
CRLB did not worsen as oy increases, and the grid method approximately attained
the CRLB for all tests, as expected.

11

10

ratio of error standard deviation with CRLB
(2]

Figure 2.5: The ratio of error standard deviation to the corresponding CRLB for
various oy

2.2.3 Conclusions from Performance Comparison

The methodology presented here in evaluating the nonlinear filters for tracking took
a different approach to the one taken in the author’s transfer thesis [132], but the
conclusions are broadly similar. That is to say, the SMC filter performs better than
UKF which, in turn, performs better than EKF and these advantages in performance
increase as bearing error in the measurements increases. This might be taken into

account in the future filter design for tracking systems. Unlike the more simplistic
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presentation in [132], the results here go some way to illuminating the reason for this
difference in performance. The EKF is not a very good match at all to the correct
posterior probability density; it is observed here assigning zero probability to the
region around the maximum point of the true posterior. Given the results presented
here, it is all the more striking that EKF is able to perform sufficiently well in general
systems that it is considered the de facto standard for nonlinear estimation [95]. By
contrast, the advantages of using Monte Carlo methods to approximate non-Gaussian
probability densities are clear.

A final thing to bear in mind is that it was only possible to investigate a small
number of filtering methods here. A recent survey by Li and Jilkov on tracking
methods spans five parts and 179 pages [67], so it is only possible to scratch the
surface in this chapter. Other possible methods for computing approximate solutions
to the Bayes filter include Markov chain Monte Carlo [98] and the Ensemble Kalman
filter [40].

While it will never be possible to investigate every possible combination it is
hoped that the selection of methods presented here presents some insight into how
well certain categories of methods will be able to approximate the true Bayesian

posterior.

2.3 Initialisation

The subject of choosing a prior density for a filter (i.e. directly after first detection of
the target) is not given much attention in the tracking literature, despite its obvious
importance. In [94, ch. 2], a general suggestion is made for the case of using only
the location of the first measurement, z, (assuming that this is the target location
corrupted by zero mean, Gaussian noise with variance o). Assuming a Gaussian form
of the prior with mean Xy, and covariance By and writing this in block form with the

position coordinates occupying the top of the target state, and velocity coordinates

2
. 2o 5 ol 0
Xo = ( 0 ) s P() = ( 0 (%Umcm)QH ) . (267)

So the idea is to decouple position and velocity, and to assume that the distribution

on the bottom:

for velocity is zero mean with variance equal to (%vmamf where v,,,, 1S a known
maximum possible velocity.
This is a good starting point, and a simple nonlinear approximation (following

the approach in [65]) to this choice of prior has been used in all of the test results
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presented here as it is well-known and its Gaussian form permits equal comparison
between those filters which can and cannot handle non-Gaussian densities. However,
it is somewhat ad hoc and it should be possible to use Bayesian principles to construct
a prior more rigorously.

A prior using the first measurement z, will be constructed using the assumption
that before the measurement arrives, there is a uniform density for target location over
some surveillance region. As a result, the density for target location after receiving
zo is proportional to the likelihood function fy(zg|x). In the example from the testing

section, writing zg = (rq, 0p)7,

1

fO(Zo|X) X exp <_ — [%((ﬁ +y2)% . 7"0)2 i

2 ! (arg(e +iy) — QO)QD. (2.68)

73
Therefore (2.68) should be used as the prior density (after receiving the first measure-

ment) wherever possible. If using a filter which requires all densities to be Gaussian,

the appropriate means and covariances can be computed by

fa) = [ ol (2.69)

) = [ alxlm)da, (2.70)
mean(z) = / o fu(x)de, (2.71)
mean(y) = / yfy(y)dy, (2.72)
QMKX)—/?Q@M—mmm% (2.73)
Cov,y) = [ 4h,(w)dy — mean(y)?, (2.74)
Cov(X,Y) = / 2y fo(x|20)dady — mean(z)mean(y). (2.75)

There are generally no closed form expressions for these quantities but they can be

quickly calculated. For the velocity components, use the same approach as in (2.67).

Preliminary Test

A preliminary test was carried out the verify the effectiveness of the choice of prior
suggested in (2.68) as opposed to the traditional choice in (2.67). Two SMC filters
were used on 100 Monte Carlo runs of the tracking scenario from the test in Section
2.2.2 with oy = 5° and 30 time steps. One SMC filter used the prior in (2.67) and the
other used the prior in (2.68). The filter with the prior in (2.68) gave a 22% reduction
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in error standard deviation as compared with the other method. This is a significant
improvement in performance from only altering the prior at no extra computational
cost. Therefore, the method for prior selection described above is both theoretically
well-founded as it is based on a non-informative prior and provides an immediate

improvement in results in a simple test.

2.4 Manoeuvre Handling

A manoeuvre is an abrupt change in target dynamics. Examples of manoeuvres
include fighter planes making sudden sharp turns or submarines diving. Target dy-
namics during a manoeuvre cannot be modelled using the same forward model as for
normal (for example, straight line) motion. A popular method for handling target
manoeuvres is based on jump Markov linear systems (JMLS). It is assumed that tar-
get motion is governed by one of a finite set of motion models and that transition
between these different motion models is a Markov process.

Let the motion mode at time k be denoted r, where r, € {1,2,..., N} and N is

the finite number of possible motion modes. The Markov assumption on r; gives
p(rigps = ilrw = j) = m7, (2.76)

where W]i’j is usually assumed known.
Restricting to the linear Gaussian case for simplicity of presentation, the forward

and motion models are then

Xk+1 = Fk(T‘k)Xk + Vit1 Vi41 ~ N((), Qk+1)7 (2'77)
Zip1 = Hpoi(ree)Xep1r + Wepr Wepr ~ N(0, Ry). (2.78)

The Bayesian solution to the inference problem in this case becomes the process of
jointly inferring the motion mode and the target state. Defining { M, ,i}f\fl as the set
of possible sequences of motion modes up to time k, so that for fixed &k there are N*

possibilities, the Bayes filter for the target state is:

Ny

fk+1|k+1(xk|Zk) = Z f(xk‘Mllw Zk)f(Mii’Zk)~ (2.79)

=1

The term f(xy| M., Z*) is the probability density for a given motion mode sequence,
and this can easily be calculated using (2.77-2.78) and a Kalman filter. The probabil-

ity density over motion mode sequences f(M}|Z*) can be calculated sequentially using
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the innovation corresponding to each motion mode and the transition probabilities.
This will be discussed in more detail in Section 5.2.2.

It can be seen from the form of (2.79) that in the linear, Gaussian case, the pos-
terior is a Gaussian mixture with an exponentially increasing number of components.
In order to retain computational tractability, it is necessary to approximate this. One
possible scheme is to merge all motion mode sequences which are the same for the last
n time steps. This is known as Generalised Pseudo-Bayes and often is often denoted
GPB,,.

A more popular method is using interacting multiple models (IMM). This uses a
mixing step to combine probabilities every time step. It has been shown [17] that IMM
performs better than GPB; but slightly worse than GPBy while having equivalent
computational complexity to GPB;. This explains its popularity in the tracking
literature. Full details of IMM may be found in [78].

In [132], an example was presented of tracking a target on a trajectory including
several coordinated turn manoeuvres. It was demonstrated that it is possible to
track the target successfully and maintain a probability density for the motion mode
with a good correspondence to the ground truth even in the case where the precise
parameters of the manoeuvre are not known. No further numerics will be presented
here, but the handling of manoeuvres in the multitarget case is considered in Section
5.2.
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Chapter 3

Multitarget Tracking: Background

Multitarget tracking is the process of jointly determining how many targets are
present and their states from noisy sets of measurements. At each time step, a set of
measurements is received and each measurement in this set is either a false alarm or
is generated by a target. Both the target states and the target number may vary with
time due to target motion and appearance or disappearance of targets. Furthermore,
individual measurements may be corrupted by noise and target measurements may
be missed.

The multitarget case is in contrast to the single target case in which a single
measurement, corresponding to a particular known target, is received at each time
step. To clarify this distinction, consider an example where it is known that exactly
one target is present but where at each time step two measurements are received.
Suppose that one of these measurements must be generated by the target (i.e. there
are no missed detections) and the other must be a false alarm. Even though it is
known that only one target is present, this example is still a multitarget tracking
problem. The ambiguity about the origin of each of a set of measurements is the key
point which characterises a multitarget tracking problem.

Broadly speaking, the aspects of the dynamical system and measurement process
which characterise the multitarget tracking problem, and which make it challenging,

may be summarised as follows:
e Dynamical System

— Target dynamics are uncertain.
— Targets may appear and disappear.

— Targets may spawn other targets.

e Measurement Process
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— Measurements are corrupted by noise.
— Target detections may be missed.

— There may be false alarms, or clutter.

The false alarms may be particularly troublesome as it is not unusual for there to
be orders of magnitude more false alarms than true target detections in practical
systems.

Multitarget tracking is an established area of research. Standard applications of
multitarget tracking may be found in surveillance and navigation for sonar [1] [81] [23],
radar [14] [141] [41] and infrared [16] [85] data. Further applications have been found
in marine biology [61] [139], traffic monitoring [52] [9], navigation for autonomous
vehicles and robots [64] [76], remote sensing [83] [112] and biomedical research [42]
[46] in addition to the novel applications presented in Chapter 6.

This chapter will begin with an overview of the conventional approach to mul-
titarget tracking and some of its disadvantages in Section 3.1. In Section 3.2 an
introduction to random finite set theory is given which covers its aims, concepts and
motivation as well as the crucial models without going into detail. More in-depth
background of random finite set theory is given in Section 3.3 which contains an
explanation of the relationship with point process theory as well as a derivation of
the multitarget Bayes filter. The probability hypothesis density (PHD) filter, which
propagates only the first-order moment of the posterior densities from the multitarget
Bayes filter, is derived in Section 4.1. Finally, in Section 4.2 the details of the schemes

for implementation of the PHD filter are given in detail.

3.1 Conventional Approach

Standard tracking methods such as the Kalman filter cannot be directly applied in the
multitarget tracking case due to the ambiguity about which of the indistinguishable
measurements should be used to update the target state. The conventional approach

to handling this ambiguity is to split the problem up into two or three steps:

1. Data Association - deciding which of the measurements received will be used to

update a given target.

2. Target update - using a standard single-target filter, usually a Kalman filter or

nonlinear approximation.
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3. Track maintenance - some methods also require additional techniques to handle

appearance and disappearance of targets.

The standard textbooks on the conventional methods which are based on the use of
data association to resolve the multitarget ambiguity are [6] and [15]. Some of the
more popular methods will be briefly discussed below in the context of the Bayesian

solution.

3.1.1 Single Target in Clutter

A special case of the multitarget tracking problem is that of a single target in clutter.
In this case, as the number of targets is known to be one, it is only necessary to
compute the probability density for the location of that target.

Let Zy = {2k1, ..., Zkm, } be the set of measurements received at time k where my,
is the number of measurements received and let Z* be all of the sets of measurements
received up to time k. Remembering that, at each time step, only one measurement
can be due to the target and the rest must be false alarms, the Bayes filter can be

used to calculate
mg
f(xi Z%) = Zijk,j(Xk!Zk,j, Z51), (3.1)
j=1

where 1y; is the probability that the measurement z; ; was generated by the target
and fij(xk|zr;) is the Bayes filter update of f(xj_1|Z*"!) subject to the relevant
forward and measurement models and the measurement z; ; as described in Section
2.1.

For conventional multitarget tracking implementations it is typically assumed that
the forward and measurement equations are linear and that all noise is white and
Gaussian. In this case, it has been shown in Section 2.1.2 that the Bayes filter
reduces to the Kalman filter. This implies that the posterior density f(xz|Z*) will
be a Gaussian mixture where the mixture components are easily computed.

Note that in cases with a nonlinear forward/measurement model, the nonlinear
approximations of the Kalman filter as described in Section 2.1.3 are often used, but
the description here will focus on the linear, Gaussian case only.

Now, ¢; = p(w;|Z)) where w; is the hypothesis that the measurement z ; is the
measurement generated by the target. Assuming a uniform prior over w;, as there
is no prior reason to believe any measurement would be more or less likely than the

others, gives:
Vrj < p(Zk|w;). (3.2)
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This may be calculated by considering the innovation, vy ; = 2y ; — HpXyx—1, where
Hj, and xp,—; are defined as in the Kalman filter equations in Section 2.1.2. The
innovation may be interpreted as the distance of the measurement from its expected
position and it can be seen that its covariance is S, = H, kPk\k_l.H,? + Ry, employing

the notation from the Kalman filter equations. Therefore v;; may be calculated as
Vrj o< N (Vi 5; 0, Sk). (3.3)

Therefore, the Gaussian mixture can, in principle, be calculated. However, there is an
exponential explosion in the number of mixture components so, for practical imple-
mentations, there will need to be some approximation to the ideal solution. The most
popular conventional methods for multitarget tracking will be described below. The
discussion will highlight how although the methods are usually described in terms
of a combination of data association with single target tracking, they may also be

considered as approximations of (3.1) in order to avoid the exponential explosion.

Nearest Neighbour

The nearest neighbour (NN) filter [6] might be considered the simplest form of data
association algorithm. It works by picking the measurement with the highest prob-
ability of being the true measurement as calculated by (3.3) and using this directly
in the Kalman filter update. This could be interpreted in terms of (3.1) as using the
weights 1/Azkj where:

Uiy = (3.4)

1 if  j = argmax; ¥y,
0 0.W.

The method is simple to implement and understand but is known to suffer from
poor performance as the level of clutter increases [6] [15]. This should not be surpris-
ing as it is clear that as the level of clutter increases, the probability of making an
incorrect association increases. A single incorrect association is often enough to lose

a track.

Probabilistic Data Association

The probabilistic data association (PDA) [8] filter involves computing the Gaussian
mixture in (3.1) directly. This mixture is then approximated using the best fitting
single Gaussian density. This strategy prevents exponential explosion of Gaussian

mixture components. The full details and derivation may be found in [8].
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PDA is also able to take into account the possibility of a missed target detection
and number of false alarms, A\, by propagating an additional hypothesis for the possi-
bility that none of the measurements were generated by the target. Like the NN filter,
PDA is fairly simple to understand and implement. It has been shown by testing on
simulated data that PDA outperforms nearest neighbour [6] [15].

Note that another lesser known technique, known as mixture reduction and in-
troduced in [104], is to approximate the Gaussian mixture in (3.1) by a Gaussian
mixture with at most N components. In the case when N = 1 this reduces to PDA.

Note also that in order to reduce computational cost, it is standard practise when
implementing PDA to reject measurements whose probability of being generated by

the target is sufficiently low. This process is known as ‘gating’.

3.1.2 Multiple Targets in Clutter

The methods discussed above only permit the tracking of a single target. If there
is a known number of targets (greater than 1) present, it is necessary to make some
adjustments to the nearest neighbour and probabilistic data association methods.
Furthermore, if there is an unknown or time-varying number of targets it will be
necessary to also include some method for track maintenance or to use the multiple

hypothesis tracker, which will be described below.

Global Nearest Neighbour

Global Nearest Neighbour (GNN) is the simple extension of the NN filter to account
for multiple targets. The adjustment is required to prevent more than one target
being updated by a single measurement. This is achieved by defining a cost to the
association of each track with each measurement and minimising the total cost over
all possible sets of assignments. Typically this cost is defined by a statistical distance,

d, between the measurement and track where
d* =v'Sty, (3.5)

and v, S, are the innovation and innovation covariance respectively as defined in
Section 3.1.1.
The set of assignments giving the lowest total cost may be computed using a 2D

assignment algorithm such as the auction algorithm [12].

Joint Probabilistic Data Association

The joint probabilistic data association algorithm (JPDA) works in the same way as
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probabilistic data association except for the computation of the association proba-
bilities [7]. In JPDA, association of a single measurement to more than one target
is prevented by using joint association (i.e. over the whole set of assignments) prob-
abilities. The computation increases exponentially with the number of targets and
false alarms, making implementation infeasible in general. There exist computation-
ally tractable suboptimal approximations to JPDA for cases with a high number of

targets or false alarms [99] [100].

Multiple Hypothesis Tracking

Multiple hypothesis tracking (MHT) [14] is an exhaustive search of measurement to
track associations over a number of time steps. Whereas in JPDA the various hy-
potheses are merged at each time step, in MHT these hypotheses are all propagated
forward in anticipation of subsequent data removing the ambiguity. Each of these
hypotheses may lead to another set of hypotheses at the next time step and so on
for subsequent time steps. It is clear that this process may lead to a combinatorial
explosion and so much of the work required to implement MHT involves managing
the number of hypotheses using techniques such as clustering, hypothesis and track
pruning and track merging [15]. A comprehensive overview of the issues related to
implementing MHT may be found in [15, ch. 16].

Blackman and Popoli [15, p. 373] describe the results of a test where the MHT
implementation took “around 6 person months to develop” as opposed to only “a few
days” for the NN and PDA equivalents. The additional work does give advantages
though: it is well known that MHT is able to outperform NN and PDA filters sig-
nificantly in high levels of clutter [15]. Furthermore, in MHT every measurement is
considered to be either due to an existing target, clutter or a new target, so track ini-
tialisation and deletion are handled within MHT. This approach permits the tracking
of an unknown time-varying number of targets which is not possible using GNN or
JPDA alone. However, caution should be exercised in anticipating a certain perfor-
mance from MHT as Panta et al. [89] note that “the performance of the MHT filter
depends heavily upon the particular implementation... techniques that are ad-hoc in

general”.

3.1.3 Track Management

Of the methods discussed so far, only MHT provides a mechanism for initialisation
and deletion of tracks. Thus, for the other methods it is necessary to include a track

management method. This usually means starting a new track for every measurement
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that is not associated with an existing target. Obviously it will not be useful for the
algorithm to output a track for every measurement received, so a method of classifying
those tracks which are newly appeared, or ‘tentative’, and those which are ‘confirmed’
is necessary.

‘M out of N’ - This is a basic method where a track is confirmed if it is updated
by a new measurement for M out of the last NV time steps where M and N are prede-
termined integers. It may also be desired to delete a track if it has not been updated
for My out of the last Ny, time steps where My, and Ny, are also predetermined.

Sequential Likelithood Ratio Test - This method involves computing, at every time
step, the likelihood ratio, LR, defined to be

_ p(z|Hy)
p(z|Ho)’

where z is the measurement that has been associated with the track in question and

LR

(3.6)

H,, Hy are the hypotheses that this track is and is not a true target respectively. The
log of the product of the L Rs over the life of the track gives a ‘track score’ which may
be used to determine when to confirm or delete a target. Full details may be found
in [15, Ch. 6].

Note that a scheme for a PDA filter with inbuilt track management, known as inte-
grated probabilistic data association (IPDA), has been developed but is only appli-

cable in the case where it is known that there are 0 or 1 targets [80].

3.1.4 Critique of Association Based Multitarget Tracking

In his PhD thesis, B.-T. Vo [128] raises an issue with the consistency of the con-
ventional methods within the Bayesian paradigm. In particular the issue is with the
computation of probabilities for association hypotheses using Bayes rule, which is a
crucial part in PDA and MHT based multitarget tracking algorithms.

In the single target case, this computation is captured in (3.2). Implicit in this
equation is that the discrete posterior density has been computed over Q(7), the set

of all possible association hypotheses:

p(Z|w)p(w)

p(w|Z) = Yw € Q7). 3.7
(wl2)= 2= (2) (37)
As Q is dependent on Z this should be written explicitly as:
p(Z|w(2))p(w(Z))
p(w(2)|2) = : 3.8
(@(2)2) " (38)
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and from this form, issues emerge. Namely, it is not clear that:
i) p(w(Z)) is a valid prior, since it includes future information.
ii) p(Z|lw(Z)) is a valid likelihood as Z is conditioned on w(Z) which in turn depends
on Z.

Thus, the relationship between conventional methods and the Bayesian paradigm
is not clear, and this provides part of the motivation for a full Bayesian treatment of

the multitarget tracking problem.

3.2 Informal Introduction to Random Finite Sets

To understand the additional difficulty posed in multitarget tracking, as opposed to
single target tracking, consider the measurement due to one target with state x. In
single target tracking, as discussed in Chapter 2, the measurement has the form of
a vector z generated according to the likelihood function L,(x). For example, in
the case of the Kalman filter L,(x) = N (z;x, R) where R is the measurement noise
covariance matrix. Three realisations of z for a fixed x would be three vectors with
various distances from x.

On the other hand, for multitarget tracking, the measurement is a set of vectors
Z = A{2z1,...,2,}. Three realisations of this measurement, for fixed target state x,
might be sets containing 30, 40 and 50 vectors respectively, each of which may or
may not contain one vector, z;, whose generation was dependent on x according due
the likelihood L,(x). All other vectors in the set will be false alarms. It is clear that,
in the multitarget case, there is a more general source of uncertainty surrounding the
generation of the measurement than in the single target case.

Similarly, there is a more general form of uncertainty in the forward step of multi-
target tracking as opposed to single target tracking. In the Kalman filter, for example,
the prediction step involves computing the mean and covariance for the state of ex-
actly one target. In multitarget tracking, this is not sufficient as it does not take into
account the possibility of the target disappearing or a new target appearing.

In order to handle the multitarget tracking problem rigorously, it is necessary to
characterise these more general sources of uncertainty systematically. This is done

using random finite sets.

Random Finite Sets
A random finite set is a set with a random number of elements which are themselves

random [75]. Concrete examples of random finite sets could include the locations
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of raindrops falling on a paving stone in a fixed period of time or stars visible in a
randomly selected region of the sky. another example of a random finite set that
will come into use in Chapter 6 is a Poisson random finite set with uniform den-
sity on some region. To generate realisations from this random finite set, one must
first generate a realisation from the Poisson distribution, say n, and then generate n
realisations from the uniform distribution.

The concept of random finite sets is useful in modelling the fact that in the multi-
target tracking problem it is not known how many targets there are or where they are.
Let Xy = {Xx1, ..., Xkn, } be the set of target state vectors and Zy = {zx 1, ..., Zikm, }
the set of measurements, both at time k, where n;, and m, are the number of tar-
gets and measurements respectively. These are random finite sets because the size
of each of the sets is random and their member vectors are also random. X, will
henceforth be referred to as the multitarget state and Z; the multitarget measure-
ment. This terminology suggests a different way of thinking about the multitarget
tracking problem. Whereas in the conventional methods each individual target state
was considered separately, in the random finite set approach the multitarget tracking
problem is regarded as attempting to determine X, the full set of target states, given
Zy, [74]. This shift of approach is illustrated in fig. 3.1.

Targets Multitarget
State

=27 -

Sensor —* Sensor

Multitarget
Measurements Measurement

Figure 3.1: Illustration of the concept whereby the multitarget tracking problem is
transformed into a single target problem by combining all target states into a ‘meta-
state’ and all measurements into a ‘meta-measurement’. The particular example on
the left shows a case with three targets generating two measurements and with three
false alarms.

There are two conceptual advantages to this approach for modelling the multitar-

get tracking problem. The first is the aforementioned ability to model the randomness
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in the number of targets present directly. The second is that there is no inherent or-
dering of either targets or measurements, so a set representation is natural. Further
to this point, consider the example X = {x1,x5} representing a multitarget state
where there are two targets with state vectors x; and xs. If this multitarget state
were instead expressed in vector form it could be written as (x1,X2) or (x2,X;) with
both representing the same underlying physical state. This means that in vector form,
there is a redundancy in the underlying multitarget state space [74].

With this formulation of the multitarget tracking problem the goal is to compute,
using Bayes’ rule, the posterior density for X; conditioned on Z* = (Z;, ..., Z;). This

may be computed sequentially using the Bayes’ filter which gives:

k _ Jir1(Zr1| X) foprn(X | ZF)
Jerp (X[ Z = Fons(Zen | Z) , (3.9)

Sern(X|2%) = /fk+1|k(X|X’)fk|k(X’|Zk)5X’, (3.10)

where fi11(Zk+1|X) is the multitarget likelihood function and fiy1%(X|X’) is the
multitarget Markov density. Multitarget likelihoods and Markov densities are anal-
ogous to their single target equivalents but must also take into account the more
general forms of uncertainty of the multitarget case. The statisticians Naylor and
Smith [82] warn that “the implementation of Bayesian inference procedures can be
made to appear deceptively simple”. This is highly relevant here as there is clearly
more work to do before the Bayes filter in (3.9-3.10) can be implemented. For exam-
ple, an integral with respect to a set (i.e. [ §X’) must be defined and the multitarget
Markov and likelihood functions must be determined. The work addressing these

issues will be presented in Section 3.3.

Multitarget Forward and Measurement Models
The following are the basic forms of the forward and measurement models taking into

account the most fundamental aspects of the multitarget scenario:

Xeor = Se(Xy) U By(Xp) UTy, (3.11)
Zrr1 = O (X)) U Ky, (3.12)

where Sy is the set of surviving targets, By is the set of spawned targets, ['y is the
set of appearing targets, O, is the set of target generated measurements and Ky
is the set of clutter generated measurements. Each of these terms must, in turn,
include models for the relevant aspects of the problem. For example, Sy must in-

clude a model for the forward motion of individual targets and the probability of
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disappearance. Similarly ©4,; must include a model for the measurement process
and the probability of detection. More detail will be given in Section 3.3.4 for the
measurement model and Section 3.3.5 for the forward model. The models themselves
are simple but they incorporate all of the relevant phenomena which make the mul-
titarget tracking problem difficult, as summarised at the beginning of this chapter.
These models will be used in the derivation of the multitarget Bayes filter in Section
3.3.

Approximation and Implementation

Like the standard Bayes filter, the multitarget Bayes filter turns out to be com-
putationally difficult and requires approximation in general (see the discussion in
Section 3.3.6). A classical method for approximating the Bayes filter is the moment
matching approach and so this is the approach taken in approximating the multi-
target Bayes filter. The first moment of the multitarget posterior, the probability
hypothesis density (PHD), is propagated in the PHD filter [73] which will be pre-
sented in Section 4.1. The PHD filter is also computationally challenging in general.
Approximations based on sequential Monte Carlo (SMC-PHD) [124] and Gaussian
mixtures (GM-PHD) [122] have been developed and their convergence to the PHD
filter is established in [30] and [26] respectively. The SMC-PHD and GM-PHD filters
are presented in Section 4.2. This summarises the basics of implementation of the

multitarget Bayes filter, though a number of extensions will be discussed in Chapter 5.

Why Random Finite Sets?

It is worth considering briefly before moving on what are the benefits of rejecting the
conventional multitarget tracking methods in favour of a formulation using random
finite sets. Some of the conventional methods described in Section 3.1 rely on a series
of approximations. For example, the replacement of association probabilities (3.2)
by (3.4), the use of EKF instead of the Bayes filter for nonlinear tracking or the
‘M out of N’ criteria for track management. The more complex multitarget tracking
methods, such as MHT, require pruning and merging strategies to allow manageable
levels of computation. Following these approximations, the relationship between the
practical tracking solution and the optimal filtering solution may be obscure and per-
formance difficult to predict. It may also be difficult to diagnose poor performance.
Furthermore, as discussed in Section 3.1.4, the computation of association probabil-
ities required in most data association algorithms does not have a clear relationship

with the desired Bayesian framework.
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In contrast, the random finite sets framework permits explicit modelling of the
fact that the number of targets and their states are unknown and includes explicit sta-
tistical models for all of the phenomena relevant to the multitarget tracking problem
as summarised in (3.11-3.12). Approximations are still necessary, but the approxi-
mations made are principled, following the well-known moment-matching approach,

and have well-understood convergence properties.

3.3 The Multitarget Bayes Filter

The background to random finite sets and the derivation of the multitarget Bayes filter
will be presented in a way which emphasizes the parallels between multitarget and
conventional probability theory. There will also be an emphasis on the connections
between random finite set theory and point process theory. The presentation here
is broadly based upon Chapters 11-14 in the textbook by Mahler [75]. For ease of
reference, the textbook [75] will be referred to as M1 for the rest of this chapter.

3.3.1 Connection to Point Process Theory

In [72], Mahler writes that “[Random finite set theory] is essentially a judicious,
engineering-oriented distillation of point processes and related concepts...”. In order
to better understand the tools used in the derivation of the multitarget Bayes filter,
the relevant elements of point process theory will be briefly presented.

In the language of point process theory, a random finite set is a simple finite point
process (defined below). The following conditions which must be satisfied by a finite

point process are given in [32, p. 121]:

1. The points are located in a complete separable metric space X (accordingly, it
may be assumed henceforth that X = R%).

2. There exists a probability density {p,}nen for the number of points in the

process.

3. There exists a family of probability mass functions II, for n = 1,2, ... on the
Borel sets of X" = X x ... x X for the joint distribution of the position of the
— —

n
points of the process given that the total number of points in the process is n.

A simple finite point process also requires the condition [32, p. 44]:
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4. The number of points of the process at any location in X is either 0 or 1 with

probability 1.

This final condition is relevant for random finite sets because the number of targets

at one point in space must be either 0 or 1.

Janossy Densities

The joint probability distribution II, is defined on the Borel sets of X" and so is
determined by the values of I1,,(A; X ... x A,) where A; C X for i = 1,...,n. Noting
that point processes apply to unordered sets, it is generally necessary to work with a
symmetrised form of this distribution. Hence, the Janossy measure, .J,,, is defined by
(32, p. 122]:

Tu(Ar X o Ay) = pn > Ta(Agqy X o X Agny), (3.13)

where the sum is taken over permutations o : {1,...,n} — {1,...,n}. This ensures
that .J, is symmetric with respect to permutations of the points (xi,...,x,). Thus,
an interpretation of the Janossy measure in the case where Ay, ..., A, are pairwise
disjoint is that J,(A; X ... X A,) is the probability that there are exactly n points in
the process and that one point of the process lies in each of the sets A;. Assuming
that J,, admits a density with respect to the Lebesgue measure on X", this density is

referred to as the Janossy density and denoted j,. The Janossy density is such that
/ jn(xl, ...,Xn)dxl...dxn = Jn(Al X ... X An) (314)
A1 X...XApn
Due to the n! possible permutations of the elements of {xy,...,x,}

/ Jn(X1s ooy X )dXq ...dx,, = ppnl. (3.15)

For simple finite point processes, the Janossy measure allots zero probability to
events where x; = x; for i # j [32, p. 134]. Hence, the convention is taken that

Jn(X1, ...y X,) = 0 whenever {xy,...,x,} are not distinct.

Random Finite Sets vs Conventional Point Process Theory

In [72], Mahler offers three reasons for using random finite set theory rather than
conventional point process theory. Firstly, random finite set theory is explicitly geo-
metric and amenable to visualisation as the random variables in question are actual

sets of observations rather than abstract integer-valued measures. Secondly, random
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finite set theory allows a unification of multitarget filtering with expert systems the-
ory (see [M1] for more on this). Thirdly, the random finite sets perspective results in
a formulation of point process theory directly analogous to conventional probability
theory, which has long been established as the methodology of choice for single target
tracking (see Chapter 2).

To elaborate on this final point, this section will go on to define multitarget
analogues for the probability mass and density functions. In Sections 3.3.4 and 3.3.5,
multitarget analogues to the likelihood function and Markov density will be derived
permitting the calculation of a multitarget Bayes filter. Hence, a multitarget tracking

methodology which parallels the single target tracking methodology will be developed.

3.3.2 Definitions and Preliminary Results

Before proceeding with the derivation of the multitarget Bayes filter some definitions
are needed along with some key results linking the probability theory of random finite
sets with well known results from conventional probability theory. Further technical
details on the relationship between finite set statistics and measure theoretic proba-

bility theory may be found in Appendix A.

Multitarget Mass and Density Functions
The belief mass function of a random finite set X is [M1, p. 360]

Bx(5) :==Pr(X C 5), (3.16)

where S is a general subset of the underlying state space for targets, X (i.e. unlike
X it is not necessarily finite). A function f(X) on finite set variable X is said to be

a multitarget probability density function if [M1, p. 362]

e The unit of measurement of f(X) is u~X! where u is the unit of measurement

in X and | X| denotes the cardinality (number of elements) of X.
o f(X)>0 forall X.
o [ F(X)OX =1

where the set integral |, o f(X)0X of a function over a general subset, S, will be
defined shortly.

The probability density function for a random finite set X, if it exists, is the
function fx(X) such that [M1, p. 363]

/ F(X)5X = Pr(X € S) = Bx(S), (3.17)
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for all S C X. Note that if S; C Sy then 8x(S1) < 8x(S2) and so Sy, the belief
mass function is analogous to the cumulative distribution function from standard
probability, and fx is analogous to the standard probability density function.

The probability density function, fx(X) of a random finite set, X, must fully
characterise the uncertainty in the cardinality of X and the location of all of the

elements of X. It does so in the following way:

FUEXL o Xn}) = fu(X1, ooy Xp) = Jn(X1, ooy Xp) (3.18)

where 7, is the Janossy density of the equivalent simple finite point process. Note
that as 7,(x1,...,X,) is symmetric in its arguments, the fact that f is a function of
an unordered set causes no problems.

An example of the construction of such a probability density function and associ-

ated belief mass function is given in Section 3.3.3.

Set Integrals and Derivatives

The set integral of a given real-valued function f(X) of a finite set variable X over
the region S C X is [M1, p.361]:

=1
/Sf(X)aX = ;m/snf({xl,...,xn})dxl...dxn (3.19)

1

_ )+ /S Fhax+ 5 [ f(fxxehdads + . (3:20)

SxS

If f is a probability density function, then by (3.18) and (3.15)
— 1
/f(X)(SX = fO)+) o fu(X1, .y X)) dx...dx, (3.21)
s n=1 5"

= po+ Y P (3.22)
n=1

Therefore, it can be seen that [ f(X)dX = 1 automatically whenever f is a proba-
bility density function having the form prescribed in (3.18).

Note that f(@)) must be a dimensionless probability. If the unit of measurement in
X is u, then dx;...dx, has units u™. Therefore f(X) must have a form such that
fn(X1, ..., %) has units u=" for (3.19) to be well defined. This is automatically satis-
fied whenever f is a probability density function.

Note also that set integrals originate from the theory of statistical mechanics (see, for
example, [47, pp. 234,266]).
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Set derivatives and functional derivatives will be briefly defined. Further discus-
sion of the link between the two is given in [M1, ch. 11] The functional derivative of
a functional F'[h] is defined to be the gradient derivative in the direction of the Dirac

delta function 6, given as [M1, p. 375]

: (3.23)

assuming this limit exists. The functional derivative with respect to the finite set Y
is defined as [M1, p.376]

. F[A] ity =0,
0% m =4 sF (3.24)
oY — ifY = Yi,-Yurs

0yy...0y,, v }

where the iterated derivative is defined in the obvious way as

o'F 0 ey
0y1.-0y, 0¥, 0¥1...0Y,_1

(3.25)

assuming that these derivatives exist and that this derivative is independent of the
order of differentiation so it is indeed dependent on the set Y.

N.B.1 The concept of a functional derivative defined in this way originated in quan-
tum field theory [102, pp. 173-174].

N.B.2 The notation employed in (3.23) is non-standard [75, p. 382]. There are two
possible standard notations for this functional derivative given by dF/dh(y)[h] and
dF/9dy[h]. The notation in (3.23) is an abbreviation of these.

The set derivative of a set function ¢(.5) is defined as [M1, p. 381]:

00 o _ ¢(SU Ey) — ¢(5)
5y(8) B |11«31y1|130 |Ey| ’

(3.26)

where Ey is a small neighbourhood of y with (hyper)volume denoted |Ey| assuming

this limit exists and is independent of the shape of Ey. The general set derivative is

- (5) = "o
5Y 2% ity ={y, .y}

(3.27)

when this exists with the iterated derivative defined in the same obvious way as in

(3.25).
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Results Needed to Derive the Multitarget Bayes Filter

This will be a brief presentation of the results required to derive the multitarget likeli-
hood functions and Markov densities. A comprehensive list of basic rules for handling
set derivatives is available in [M1, ch. 11] and a detailed derivation of the results is
available in [43].

The fundamental theorem of multitarget calculus states that the set integral and set
derivative as defined in (3.19) and (3.27) are inverse operations. Thus [M1, p. 384],

B(S) = /S g—fﬁ(@)w, (3.28)
5
o /S f(W)cSWL@ = f(Y). (3.29)

The multitarget Radon-Nikodym theorem states that [M1, p. 385]

0y
—(0)0Y = S 3.30
[ ey = us). (3.30)
and hence that the probability density function for a random set ¥ can be constructed
as
0Px
Y) = == (). 31
F(v) = 22X 0) (331)

The fundamental convolution rule states that if X = X; U ... U X,, where X;,..., X,
are statistically independent subsets then the probability density of X is given by
M1, p. 385]

Y)Y =" > L (W) fx, (W), (3.32)

Wip..eW,=Y

where the summation is over all partitions of Y into pairwise disjoint subsets W7y, ..., W,,.

Other results concerning set derivatives are summarised below:

1. Chain rule: Let f be a real valued function on X and ¢ a set function. Then

[ML,p. 390]
99

55 (3.33)

0 /
Ef(cb(s)) = ['(¢(9))

2. Sum rule: Let ay, as be real numbers and ¢, ¢ set functions. Then [M1, p.

388]
_ 01 0y
= (5Y -+ as (334)

i (G1¢1 + (12%) 5y

oY
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3. Constant rule: Let ¢ be a constant set function. Then [M1, p. 387]

5 Joify =40,
Ak { : (3.35)

0 o.w.

4. Linear rule: Let f be a real valued function on X and let p;(S) = [ f(y)dy
for all S. Then [M1, p. 387]

(S =it Y ={y} and y g5, (3-36)
0 if 0.0.

5. General product rule: Let ¢y, ..., ¢, be set functions. Then [M1, p. 389

) 0P 0fn
7 @S0 = Y G (), (3.37)

Wi®..eW,=Y

where the summation is over all partitions of Y into pairwise disjoint subsets
Wi, .., W,.

3.3.3 Example Calculation of a Multitarget Bayes Filter

This will be a presentation of the calculation of the multitarget Bayes filter in a simple
scenario to help illustrate some of the concepts in the preceding section. In order to

permit a simple closed form solution, the following assumptions will be made:
e The target state space is R.

e The Markov transition density for a target with state w is given by f(z|w) =

N (z;w, q).
e There is no target disappearance.

e At each time step a single new target appears with probability pg. The location
of the new target has probability density b(z). No more than one target can

appear during a single time step.

e The likelihood function for a measurement z made of a target with state x is

L.(x) =N(zz,7).

e There are no missed detections.
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e At each time step a single false alarm is received with probability pga. The
location of the false alarm has probability density x(z). No more than one false

alarm may be received during a single time step.

These assumptions give a tracking scenario which is simple enough that it will be
possible to write down the multitarget likelihood and Markov densities and use these
to calculate the multitarget Bayes filter using (3.9)-(3.10).

The Bayes filter will be calculated for the following data:

o Time step 0: 1t is known that there are no targets present.
o Time step 1: A set, Z;, containing one measurement, {z} is received.

o Time step 2: A set, Zy, containing three measurements, {zs, z3, 24} is received.

Time Step 1

It is possible to use the assumptions to write down the prior probability density

fop(X), the multitarget Markov density f;(X|WV) in the case where W = ) and the

multitarget likelihood f;(Z]X) in the case where Z = {z;}. Note that throughout

this section, the notation X = {x1,...,x,} should be taken to imply that |X| = n.
Firstly, it is clear that the prior is given by

Lif X =0
X) = ’ 3.38
Jopp(X) {Oif X| > 0. (3.38)
Using the assumptions about target appearance, it can also been seen that
1-— PB if X = @,
fu(X|0) =< ppb(z) if X = {x}, (3.39)
0 if | X| > 1.
Similarly, using the assumptions about the measurement process
prak(z1) if X =10,
Jfu{zHX) = § (L= pra)N (z;2,7) i X = {a}, (3.40)
0 if | X|> 1.
Therefore, using (3.10) the predicted multitarget density, fijo(X), is:
fip(X) = /fM(X|W)f00(W)5W (3.41)
= F(X10)op(0) (3.42)
1-— PB if X = (Z),
= < ppb(z) it X ={z}, (3.43)
0 if | X| > 1.
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In order to compute the posterior, using (3.9), first calculate

Ju{z40) fyo(@) = pra(l —pp)r(z1) (3.44)
fr{zazD fie{e}) = pe(l = pra)N(z1; 2, 7)b(2). (3.45)
Using these, the normalising constant in (3.9) can be calculated as
K = [ R{aH0m0sx (3.46)
= pra(l —pp)k(21) + /pB(l — pra)N (z1; 2, r)b(x)dz. (3.47)

Putting these together gives the posterior density, fi1(X):

K 'ppa(1 — pp)k(z1) it X =10,
fin(X1Z1) = ¢ K 'ppg(1 — ppa)N (z1; 2, 7)b(z)  if X = {z}, (3.48)
0 if | X| > 1.

Concrete Calculation

In order to allow a visualisation of fi1(X) let pp = ppa = 0.5, ¢ =7 = 0.01 and

b(z) = {(Q)x fj;e 0.1], (3.49)
K(z) = {(2) - f;e 0.1], (3.50)

These choices of b(x) and k(z) mean that all false alarms and new targets are in
the region [0, 1] with false alarms more likely towards 0 and new target more likely

towards 1. If z; = 0.5 then K is within 1075 of 0.5, so approximating K = 0.5 gives:

0.5 if X =0.
fin(X) = < aN(0.5;2,0.1) if X ={x} , = €[0,1]. (3.51)
0 o.w.

It can easily be verified that [ fi)1(X)0X = 1. Therefore, f1;;(X) may be interpreted
as saying there is a single target present with probability 0.5 and that if there is a
target, the probability density for its location is as shown in fig. 3.2.

As an aside, note that if z; = 0.1, f11(0) = 0.893 while for z; = 0.9, f1;1(0) = 0.12.
This shows that varying z; has the intuitive effect on the probability of there being a
target present. If z; is closer to 0 (i.e. in the region where there are more false alarms)

the probability of there being a target is lower, and vice versa.
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Figure 3.2: The probability density fi1(X) for | X| =1

Time Step 2

In order to calculate the update for the second time step, it will be necessary to cal-
culate the multitarget Markov density fu(X|W) for W = {w} and the multitarget
likelihood fr(Z|X) for Z = {23, 23, 24}. Stating with the Markov density, note that
there will be a non-zero probability that X = {x;,2z5}. As this is an unordered set,
there should be an equal probability of either z; or x5 being the new/existing target.
Using the technique in (3.13) to ensure that the Markov density is symmetric, it can

be seen from the assumptions on the forward model that

0 if X =0,
fu(XHw}) = ¢ (1 = pp)N(z;w,q) if X = {z}, (3.52)
peb(x1)N (x2;w, q) + pb(x2)N (215w, q)  if X = {21, 25},

Similarly, the multitarget likelihood is

fr({z2, 23, 24} | X) (3.53)
(0 if [ X] < 2,
20 PEAN (Zo(1); 21, 1IN (2025 02, )R(203)) 1 X = {21, 2},
= 2ol —pra)Xx (3.54)
N (zo(1); 21, )N (26(2); T2, 7)N (26(3); T3, T) if X ={x1, 29,23},
0 if | X| > 3,
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where the sums are over the permutations o : {1,2,3} — {1,2,3}. Using the same
method as for time step 1, the predicted probability density, fon(X|Z1) and the
posterior density, fo2(X|Z1, Z3) may be computed.

fan (X[ 21) (3.55)
:/fM(X|W)f1|1(W)5W (3.56)
Far(010) f11(0) + [ fF(O{w}) fip {w})dw if X =0,
= fu({2}0) fip(0) + [ f{a}{w}) fip({w})dw if X ={x}, (3.57)
Sy, 2o} |0) f110(0) + [ f({zr, zo}{w}) ip({w})dw  if X = {21, 20},
(K1 (1 —pB)*prak(z1) if X =0,

K~'pp(1 — pp)prab(z)r(z1)

= +fK’1pB(1 —p)(1 = pra)N (x;w, QN (z1;w,r)b(w)dw  if X ={z}, (3.58)
JE 51— pra)N (215w, 1) %

\(b(xl)/\f(xg, w, q) + b(xa)N (215w, q))dw if X = {1, 22}

Using the same assumptions as in the section on concrete calculations for time step
1, the predicted density gives Pr(X = 0) = 0.25, Pr(|X| =1) = 0.5 and Pr(|X| =
2) = 0.25. Visualisations of the predicted density for |X| =1 and |X| = 2 are given
in figs. 3.3 and 3.4 respectively.

Using (3.9),

fop(X| 21, Zs) o< fo (X | Z1) fr.({22, 23, 24})| X). (3.59)

However, it can be seen from (3.54) that fr({z2,25,24})|X) = 0 for |X| < 2 while
(3.58) shows that fo(X|Z1) = 0 for |X| > 2. Therefore, fo(X|Z1,Z,) only takes

non-zero values when |X| = 2 and hence

fop({r, 22} 21, Zo) = L7 fop ({1, 22} Z1) fr.({ 22, 23, 24 }) {1, w2 }) (3.60)

where L™ is the normalising constant. This can be easily computed using (3.54) and
(3.58).

Using the same assumptions as previously and taking the measurement 7, =
{0.1,0.5,0.9}, visualisations of both the multitarget likelihood and posterior density
are shown in figs. 3.5 and 3.6 respectively. The six peaks in fig. 3.5 correspond to
the six different permutations of the measurement set in fr ({22, 23, 24} )| X). The two
main peaks in fig. 3.6 may be interpreted as there being a high probability, based on
the measurements received, that one of the targets is near 0.5 and the other is near

0.8.
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Figure 3.3: The probability density fo;(X) for | X| =1

Figure 3.4: The probability density fo;1(X) for | X| =2
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Figure 3.5: The multitarget likelihood fr,({z2, 23, 24 }| X)) for | X| = 2.

Figure 3.6: The posterior density fo2(X) for | X| =2
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3.3.4 The Multitarget Likelihood Function

In the previous section, a simple scenario was presented where it was possible to
write down the multitarget likelihood and Markov density directly from the assump-
tions. This will not generally be possible so the next two subsections will present the
calculation of the multitarget likelihood and Markov density in a more general case.

The multitarget likelihood function fy1(Zg+1]X) from (3.9) will be derived using

the background in Section 3.3.2. The process for doing so is as follows:

e Determine the conditional belief mass function (g, (T'|X) using the simple
multitarget model (3.12)

5f8Zk+1

e Construct fry1(Zp1]X) = o

theorem (3.31).

(0|X) using the multitarget Radon-Nikodym

The belief mass function and the likelihood function contain precisely the same in-
formation as one can be derived from the other using (3.31) and (3.17). Thus, the
likelihood function derived is the true multitarget likelihood function.
N.B. The time indices (i.e £+ 1) will be omitted for the rest of this subsection for
notational convenience.

In addition to the multitarget measurement model (3.12), the following assump-
tions are made [M1, p. 408]:

e Each measurement, z, made due to a true target with state x has the (single-
target) likelihood function f(z|x).

e A single target can generate at most one measurement.

e A target with state x generates a measurement with probability pp(x) and fails

to generate a measurement (a missed detection) with probability 1 — pp(x).

e The number of false alarms in a given time step has Poisson distribution with
mean A and the individual false alarms are drawn independently according to

the probability density x(z).

e The false alarm process and target measurement process are statistically inde-

pendent.

Lemma 3.1: The multitarget likelihood in the case where there are no targets present
is given by [M1, p. 412]:

F(Z10) = e ][ Mz (3.61)

z€Z
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Proof: Using (3.12), the conditional belief mass function is

Bz(T|X =0) = P(KCT|D) (3.62)
= Y P(K CT,|K|=m|0) (3.63)
m=0
= Z P(|K|=ml0)- P(K CT|0.|[K|=m)  (3.64)
A= AT m
= ¢ Aﬂ; —p(z2CT) (3.65)
— e)‘pﬁ(T)_)\7 (366)

where p,(T) is the probability mass function corresponding to x over the set T

(;BZZ @0 = - nj"’fézfxpnm—x (3.67)
_ 62;‘_';22 e,\pn(T)/\éiZl [Apn(T) _ )\] (3.68)
e ) e
— )\/ﬁ(z1)—5zf:._.;z2 1) (3.70)
— e(T)=2 ﬁ K(z;), (3.71)

=1

where (3.68) is due to (3.33), (3.69) is due to (3.34), (3.70) is due to (3.35) and (3.36)
and (3.71) is obtained from repeating the process iteratively. Since p,(0) = 0, it is

clear that

£(210) = 2 010) = ¢ ] o). (3.72)

z€Z

Lemma 3.2 - The multitarget likelihood in the case where there are no false alarms
and where | X| =n and |Z| = m with m <n is given by [M1, p. 418]:

Xl_ D\X; le:Q),
f(Z,X)_{er (1 = po(x)

m o po(xi) flzlx) (3.73)
f(0]X) Z1gi1¢,..¢im§n Hj:1 e =Pp(x,,) if 7 # 0.

Proof: Let 0(x) denote the set containing either the measurement generated by the
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target with state x or () if the detection is missed. Then,

BA(T|X) = P(ZC T|X) (3.74)
= [] PO < TIx) (3.75)
— 11 pi(T), (3.76)
where p;(T) = P(6(x;) C T). Now, i
‘gfzz Tx)= 3 ;—&(T)... ;gjn (T), (3.77)

Wid..eW,p=2

by (3.37) and hence

op1 Opn
f(Z|X) = I gy 0Py, (378)
Wl@.%‘:/vn:Z 5W1 6Wn

but as p;(T) = P(0(x;) CT), (3.36) gives

5, 1 —pp(x;) if Z =10,
5—Zl = pp(x:)f(zlx:) if Z ={z}, (3.79)
0 if |Z] > 1.

From which the result follows immediately.  []

Proposition 3.3: The multitarget likelihood for the full multitarget measurement

model (3.12) is given by [M1, p. 420]:

FZ1X) = fr(Z) - fO1X) ) H (ZQ“)‘XI') (3.80)

Q 9 )>0 p(xi)) - As(za)

where the summation is over all association hypotheses Q : {1,....n} — {0,1,...,m}.

Proof: The belief mass function can be written in the notation of (3.12) as

Bz(T|X) = POKX)UK CT|X) (3.81)
_ P(O(X) C T|X) . P(K C T|X) (3.82)
= Bo(T|X) - Br(T]X) (3.83)

552 o 0Bk
=57 — (TX) = m%z(m?(ﬂX) m(ﬂ)@ (3.84)
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by (3.37). Therefore,

fzx) = 22X 3.85)
= > fo(W|X) fx(Z — W|X), (3.86)

where fx and fg are as derived in Lemmas 3.1 and 3.2 respectively. All that remains

is to rewrite (3.86) in a more friendly form. Now,

FZX) = Me0lx) Y ( > Z”'X“))

1-— X
WCZ|W|<n N 1<it#.. 2im<n j=1 pp(Xi;)

-(ZEIZ"[W m@)) (3.87)

- m2f0x) Y HpD X”‘ Zf‘xw). (3.88)

WCZ: |W|<TL 1<7,17f ;ﬁzm<n] ]_ 1 - pD XZ )AH( )

Note that the double sum in (3.88) is the sum over all possible combinations of
the measurements being clutter or due to true targets, and then within each such
association the sum over the possible associations between measurements and target

states. Thus, it is the sum over all possible association hypotheses and can be written:

$21X) = Fe(Z1X) 16019 3 H p_Dp’; )<Z§<:(':;)m>, (3.80)

where the summation is over all Q : {1,....n} — {0,1,...,m}. The equivalence of
these sums is established in more detail in [75, pp. 332-335]. Finally, noting that
fO1X) = fr(0) - fo(B]X) and that fx(0) = e from equations (3.86) and (3.61)

respectively gives

A Pp(Xi) (ZQ(i)IXi)
f(Z1X) = e r(Z) - F(O]X) - Z H 0= po()) lom) O (3.90)

i)>0

3.3.5 Multitarget Markov Density

The multitarget Markov density, fii1x(X|X’), will now be derived using the same
method as in Section 3.3.4. The assumptions required in addition to the simple
multitarget forward model in (3.11) are [M1, p. 466]:

e The probability density for a target state x at time £+ 1 given that it had state

x' at time k is firqp(x|x).
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e A target with state x" at time k has probability pg(x’) of surviving to time &k +1
and probability 1 — pg(x’) of disappearing.

e The number of targets appearing in a given time step has Poisson distribution
with mean p and the appearing target states are independent of each other and
distributed according to the birth density b(x).

e The target birth process and target forward process are statistically indepen-
dent.
e For ease of presentation, it will be assumed that there are no spawning targets.

N.B. The time indices (i.e k, k+1) will again be omitted for the rest of this subsection
for notational convenience.

It may be seen from closer inspection that these assumptions and the assump-
tions on the multitarget measurement process at the beginning of Section 3.3.4 are

mathematically identical with the substitution of:

e Single target forward process, f(x|x’), for the single target measurement pro-

cess, f(z|x).
e Probability of survival, ps for probability of detection pp.

e Target birth process b(x) for clutter process x(z).

Therefore, it is possible to reuse the work in Section 3.3.4 in deriving the multitarget

Markov density.

Proposition 3.4 - The multitarget Markov density is given by [M1, p. 472]

N — ok ( i)’X;)
JD = ) TR0 293191(10 —pD( ) - mb(Xa@) (3:91)

where the summation is over all association hypotheses Q : {1,...,n} — {0,1,...,m}

and where
f8(X) = e ] ub(x), (3.92)
FOIX) = e ] (0 —ps(x)). (3.93)

Proof - Using the mathematical equivalence of the multitarget measurement and

multitarget forward models and Proposition 3.3. [
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3.3.6 Implementing the Multitarget Bayes Filter

Using (3.80) and (3.91) it is theoretically possible to implement the multitarget Bayes
filter (3.9-3.10). There are however, two main issues with practical implementations:

computational tractability and extracting estimates.

Computation - It is clear that the high dimension of the multitarget state space makes
computation implausible in general. Even in the case where the number of targets
is restricted, the sum over permutations in (3.80) and (3.91) leads to computational
intractability in most cases.

For example, consider a grid approximation similar to Section 2.1.3. Mahler [M1,
ch. 15] computes the computational complexity in the special case where the num-
ber of targets, n, is assumed fixed and known, there are no false alarms or missed
detections and where target motions are independent. Let v be the number of grid
cells, a the number of operations required to evaluate fiy1x(x|x’) and b the number
of operations required to evaluate fr.1(z|x). In this special case, the number of oper-
ations required for one iteration of the multitarget Bayes filter is nv™(v"a+nlb) [MI,
p. 545].

For implementations using sequential Monte Carlo (SMC), the number of compu-
tations required is n(a + n!b)II where II is the number of multitarget particles [M1,
p. 546]. The number of multitarget particles II may need to be large and whether or
not real-time computation will be possible will depend on the scenario. Furthermore,

the factor of n! will cause problems for implementation with large numbers of targets.

Estimation - Though the full posterior, f(X), is computed by the Bayes filter, most
practical implementations at some point seek to summarise this information using
state estimators. However, the most common state estimators from standard prob-
ability theory, the maximum a posteriori (MAP) and the expectation, or expected
a posteriori (EAP), are not defined for multitarget posteriors unless the target state
space is dimensionless.

To see why, consider that the straightforward MAP estimator would be defined as

XMAP — argsup f(X), (3.94)
X
and note that the dimension of f(X) is u~¥! (as discussed in Section 3.3.1) where u

is the dimension of the target state space. Thus, the comparison required for (3.94)
is undefined [M1, p. 493].
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Similarly, the EAP estimator is defined as [M1, p. 495]

XEAP = /X (X)X =0- f(0) +/{x} D) dx + ... (3.95)

It is clear from the first two terms that this sum is not defined.

Therefore it is necessary to construct new estimators for the multitarget posterior.
One such estimator, presented in [43] is the Marginal Multitarget (MaM) estimator
defined by [M1, p. 497]

XMM = arg sup  f({x1,....xa}), (3.96)
X1 5oy X7
where
. 1
fi = argsup — / F{xL, oy xn })dxg..dX,. (3.97)
n n.

Note that n is the standard MAP of the discrete cardinality distribution. The MaM
estimator is shown to be Bayes optimal in [43].

Implementations of the multitarget Bayes filter based on sequential Monte Carlo
methods have been presented for a number of different multitarget tracking prob-
lems such as vehicle tracking in terrain [110], bearing only tracking [121] and passive
acoustic tracking [70]. Each of these implementations was for a multitarget track-
ing problem with low (< 2) or fixed target number as necessary in order to permit

manageable computation.
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Chapter 4

The Probability Hypothesis
Density Filter

4.1 Deriving the Probability Hypothesis Density
Filter

4.1.1 Background, Definitions and Preliminary Results

Propagating the full Bayes filter in the single target case was seen in Section 2.2 to
be generally impractical. It should be unsurprising, then, that the same is true of the
multitarget Bayes filter, as discussed in Section 3.3.6. Mahler notes in [73] that “the
multitarget Bayes filter will have no practical utility without drastic but intelligent
approximation strategies.”

In the single target case, a common approach to simplifying the calculation of
the Bayes filter is to attempt to propagate only one or two moments of the posterior
density. For example, the Kalman filter may be regarded as the propagation of
the first two statistical moments of the posterior whereas the alpha-beta filter, or
constant gain Kalman filter, propagates only the first moment [75]. This is exactly
the approach taken in the probability hypothesis density (PHD) filter which seeks to
propagate only the first moment of the multitarget posterior.

It is not immediately clear what the first moment of the multitarget posterior
should be. It was noted in Section 3.3.6 that the calculation of the traditional expected
value is not defined. Instead, following common practise in the point process literature
[32], the first moment of the multitarget posterior for random finite set X, is defined
not as E[X] but E[dx(x)] where

Ox(x) = dw(x), (4.1)

wexX
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and dy, is the Dirac delta centred at w. Therefore, the first moment of the multitarget
posterior, denoted Dy, and referred to hereafter as the probability hypothesis density
(PHD) is defined as:

Dxl) = [ 8x(x) fx(X)3X. (4.2)

The presentation of the PHD filter here will be based largely upon the derivation
given in [73]. For ease of reference [73] will be referred to as M2 for the rest of this

chapter.

Properties of the PHD

1. A statistical first order moment - From the point of view of point process theory,

Dy is the standard first statistical moment [M2, Sec. D], also known as the

first-order moment density [32].

2. A density of expected targets -

/SDX(x)dx —E[X NS (4.3)

So the integral over the PHD over a region S is equal to the expected number
of targets in that region [M1, Thm. 2].

3. An Information-Theoretic Best Approximation - The multitarget density f is

a multitarget Poisson density if, for some intensity function I(x) with N =

[ 1(x)dx,

FX) =e N[ 1) (4.4)

xeX
Consider approximating a general multitarget density by a multitarget Poisson
density. This approximation has minimal Kullback-Leiber divergence when /(x)

is the PHD [M2, Thm. 2].

Probability Generating Functionals

A concise derivation of the PHD filter requires the concept of a probability generating
functional (p.g.fl.) of a random finite set X, denoted G'x[h]. This is another concept
borrowed from point process theory (see Moyal [79]). This is defined analogously to
the probability generating function from standard probability theory as [M2, Eq. 44]

Gl = E[1Y] = / B F(X)6X, (4.5)
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where h* = []

derivation of the PHD filter equations are listed below:

<ex M(x). Some properties of p.g.fl.s which will be needed in the

1. The p.g.fl. is an integral transform and, as such, an advantage comes from its
ability to transform convolutions into products. Thus, the convolution inherent
in the probability density function for a union of variables, as in (3.32) becomes
a product of p.g.flis. Let X = X; U ... U X, where X, ..., X,, are statistically
independent, then [79]

Gx[h] = Gx,[h]--- Gx,[h]. (4.6)

2. Let Gx|[h| be the p.gfl. of X and D(x), the PHD of X, then [M2, Thm. 1]

D) = 5G5); 7]

(4.7)

h=1

3. Let ¢[h] be a functional s.t. ¢[1] = 1, Gx[h] be the p.g.fl. and Dx the PHD
of X. The PHD corresponding to the p.g.fl. Gx[¢[h]], denoted D(x), is [M2,
Prop. 3]

_ [

~ ) ox

D(x) (]| (W)Dx(w)dw. (4.8)

h=1

4. Let G[h] = [ h(x)f(x)dx then [M2, Eq. 54]
oG

%

[h] = f(x). (4.9)

5. Let Bx and Gx be the belief mass function and p.g.fl. for X respectively, then
a generalisation of the multitarget Radon-Nikodym theorem given in [75, ch.
11] is

0Gx

0Gx 9Bx
X

[h]:/hw-fX(XUW)5W X

(S) = / Fe(X UW)W,  (4.10)

from which it is clear that

5G| | 00k

S5 = 2X(S) (411)

6. The p.g.fl. of a random finite set X which is Poisson distributed with mean
cardinality A and probability density I(x) is given by [M2, Prop. 5]:

Gy[h] = MI=A (4.12)

where I[h] = [ I(x)h(x)dx.
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4.1.2 PHD Predictor

The PHD predictor (forward) step will now be derived using p.g.fl.s. The method
employed will be to transform the predicted probability density using the p.g.fl. in
order to simplify the convolution due to the set unions in (3.11), and then recover the
PHD using (4.7). The PHD at time k is denoted Dy, and the PHD predicted to time
step k + 1 is denoted Dy qp. The following assumptions will be made in addition to
(3.11):

e The probability density for a target state x at time k£ + 1, given that it had

state w at time k, is fiq(x|w).

e A target with state w at time k has probability ps(w) of surviving to time k+1
and probability 1 — pg(w) of disappearing.

e The appearance of new targets between time steps k and k + 1 is captured
by the Poisson distributed random finite set I'yiqx. The PHD of I'yiy is
denoted by 1j;(x) (i.e. bri1)x integrates to the expected number of total targets
appearing, denoted p and by1);/p is a probability density for appearing target

locations).

e The target birth process and target forward process are statistically indepen-
dent.

e For ease of presentation, it will be assumed that there are no spawning targets.

Proposition 4.1 - The PHD predictor equation is given by [M2, Thm. 5]

Diyajp(x) = bpyap(x) + /PS(W)fk+1k(X|W)Dkz|kz(W)dW' (4.13)

Proof - Denote the p.g.fl. of the predicted probability density fri1x(X]Z*) by
Gk+1|k[h]. Then

Graplh] = / P fre(X|Z5)6 X (4.14)
= /(/thk+1k(X|W)5X>fk|k(W!Zk)5W7 (4.15)

where f1)x(X|W) is the multitarget Markov density. Therefore,

Grsrplh] = / G| X] fin (X1 25)5X, (4.16)
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where Gjy15[h|X] is the p.gfl. of the multitarget Markov density.

Now, if X} = {x1,...,x,} then, by (3.11), X1 = S{x1}) U... US{xp}) UT kg
where S({x}) is the set containing the new target state if the target survives and the
empty set if it does not. Due to the statistical independence of individual targets and
the birth process, (4.6) gives:

Grr1e[h| X] = Gr[h] H Gry1elhlx]. (4.17)
xeX

It is possible to evaluate G 1px[h|x] as follows:

Gk+1|k[h|xi] = /hykarlk(Y’Xl)(SY (418)
— (O + / By fern(fy} ) dy (4.19)
= 1—ps+ psplhl, (4.20)

where plh] = [ h(y) frt1k(y]xi)dy. So Gri1k[h|X] may be written as

Grs[h|X] = Gr[h] - (1 — ps + psplh])*~. (4.21)
Substituting this expression into (4.16) gives
Gronlt] = [ Grlb)(1 = ps + psplb) “fin(X1Z05X (42
= Grlh|Gye[l — ps + psp[h]]. (4.23)
Writing ¢[h] = 1 — ps + psplh| and using (4.7), the predicted PHD is given by:
0Gry1klh]
D = — .
k+1|k(x) 5% (4 24)
h=1
dGr[h] dGrlo(h)]

(4.25)

G (9[1]) + Gr(1) -

ox
h=1 h=1
Now, dGr[1]/dx is the PHD of I" which is denoted byiq5. Since ¢[1] = 1 it follows

that Grr[¢[1]] = 1 and (4.8) gives:

5Gk§)[{¢[h“ gi[ ] ) (W)Dk|k(W)dW, (4.26)
and B
0 = pstw 2w (1.27
= ps(W) ferrp(x|w), (4.28)
by (4.9). Hence, it follows that
DHW(X) = bk+1|k(X) —+ /pS(W)fk+1|k(X|W)Dk|k(W)dW. O (429)
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4.1.3 PHD Corrector

In this section, the derivation of the PHD filter will be completed by the derivation

of the PHD corrector. The approach will be similar to the method used for the

derivation of the PHD predictor, using the p.g.fl. of the multitarget posterior density

to simplify the convolutions due to set unions in (3.12) and then applying (4.7) to
obtain the PHD. The corrected PHD based on measurements up to time k + 1 is

denoted Djy1jr41(x). The assumptions required in addition to (3.12) are:

Each measurement, z, made due to a true target with state x has the (single-
target) likelihood function denoted L,(x).

A single target can generate at most one measurement.

A target with state x generates a measurement with probability pp(x) and fails

to generate a measurement (a missed detection) with probability 1 — pp(x).

The set of false alarms at time step k, Kj has a multitarget Poisson distribution

with mean cardinality A and probability density function x(z).

The false alarm process and target measurement process are statistically inde-

pendent.

The predicted multitarget density fyy1x(X|Z*) is assumed to be Poisson dis-
tributed. Thus,

Froip(X|Z5) ~ e ™ s(xq)...5(%,) (4.30)

for some mean cardinality p and probability density s(x). Note that Dy (%) =
i s(x).

Proposition 4.2 - The PHD Corrector equation is given by [M2, Thm. 6]:

where

Dk+1\k+1(x) = Fk+l(Zk+1’X)Dk+1|k(X)a (4.31)

)L, (x)
I Zlx)=1-— g 4.32
kri(Z1%) = Po(X e, Ak(z + Dk+1\k[pDL ]’ ( )

and s[h| is defined as [ s(x)h(x)dx.

Proof - The multitarget posterior fyy1jx41(X|Z*1) is given by

St (X280 = C71 froit(Zieaa | X) - fopn(X125) (4.33)
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where fi.11(Zj+1]|X) is the multitarget likelihood function, fiy1x(X|Z*) the predicted

multitarget density and

C = fr1(Ze|Z*) = /fk+1(Zk+1|X) - Jrrn(X]Z27)0X. (4.34)
Define the two variable p.g.fl. by
Flgtl = [ [ 16 5un(Z130) feran(X 1290552 (4:35)
= /hXGk+1[9|X]fk+1k(X|Zk)5X= (4.36)
where
GralglX) = [ % fen(210)52. (1.37)

which is the p.g.fl. of the multitarget likelihood. It is clear from (4.11) that

SGealolX]| 082 )
9=0 S=0
using (3.28). Therefore,
OF
C = fos1(Zin|Z¥) = 52[0 1]. (4.39)
Similarly,
o 0F 9 0G1]9]X] i
X067 5x/h 57 Sorn(X]Z27)0X, (4.40)
so that,
0 OF 5
5x3Z| 5_X/thk+1(Z|X>'fk+1|k(X|Z'“>5X, (4.41)

where the integral is the p.g.fl. of fr11(Z|X) frt1k(X|Z*), denoted Gyy1jp+1. There-

fore

0 OF
x 67

0GRyt

5X — CDk+1|k+1. (442)

[g.h]=[0,1] h=1

By direct analogy with (4.17-4.20), it is clear that it is possible to express Gy1[g|X]

as

Gt [g|X] = H Glylx], (4.43)

xeX
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where G[g|x] = (1 — pp + pppy), Py = [ 9(z)L,(x)dz and Gg[g] = M9~ by (4.12).
Letting ho = (1 — pp + pppy),

Flg,h] = / RERY M2 f k(X Z7)6 X (4.44)
eArlgl=A / (hoh)™ froan(X|ZF)0X (4.45)
eMUIAG L [hoh). (4.46)

Using the assumption that fii ) is Poisson distributed with mean cardinality p and

probability density s(x) along with (4.12) gives
Gry1k[h(1 — pp + pppy)| = exp(us[h(1 — pp)| + uslhppp,] — 1), (4.47)
and therefore
Flg, h] = exp(Aslg] — A+ sslh(1 — pp)] + uslpop,] — o). (4.43)

Using (4.39) and (4.42) the PHD can be computed as:

5 6F
x 37 ‘[g h]=[0,1]
D11 (x) = A (4.49)
[g,h]=(0,1]
This can be evaluated with the help of two additional results:
oF \
) o — o A—uslpo] |
0 = = e ol TT(Ai(2) + ps(pp La)), (4.50)
g,h]=[0,1] z€2
. 0 O0F A uslpp)]
(i) <= = e ol (1 — pp(x))s(x) [[(As(2) + ps[ppLa)
g,h]=[0,1] 2€Z
L,
_)\ uslppl H )\/{ + s pDL ]) ,UpD(X) (X)S(X> (451)

A )‘KV(Z) + ,LLS[pDLZ] ‘

VASVA

The proofs of these results are given in Appendix B.1. In [73], Mahler suggests proving

the two results above by induction without giving the details of the proof. As an

alternative, the proof in Appendix B.1 is an original proof using a direct method.
Using (4.50) and (4.51) in (4.49) while remembering that Dy qx(x) = ps(x) gives:

Pp(X) Ly (%) Dyyjr(x)
A&(2) + Diyar[pp Lzl

Diyappr1(x) = (1 = pp(x)) Dyyajp(x) +

2E7 41

O (4.52)
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4.1.4 Example Calculation of the PHD Filter

In order the elucidate the PHD filter methodology and the interpretation of the PHD,
a closed form solution of the PHD filter will be presented for the same simple scenario
from Section 3.3.3.

In the scenario from Section 3.3.3 it was assumed that there was a 0.5 probability
of a single target birth at a given time step and a 0.5 probability of zero target
births. Due to the Poisson assumption required for the PHD filter it is necessary to
approximate the birth process by a Poisson distribution with mean 0.5. The same is

true of the false alarm process. In the notation of this section, the assumptions made

are:
e ps=pp =1L
e The PHD of the birth process is given by b(x) = 0.5 X b(z) where b(x) is the
probability density for target appearance.
if 0,1
b(z) = {I it e 0,1, (4.53)
0 ow.
e The mean number of false alarms, A = 0.5 and
2—-2 if 0,1
ﬁ(z):{ @ ifzel01], (4.54)
0 0.W.

o L.(z) =N(z,0.01).
o f(z|w)=N(x;w,0.01).

The knowledge that there are no targets at time 0 gives the prior PHD, Do = 0.
Using (4.13), the predicted PHD, Do is given by

D) {x if x € [0, 1], (4.55)

0 o.w.

The posterior PHD, D;; when the measurement received is Z; = {0.5} may be

calculated using (4.31) as

(4.56)

N(0.5;2,0.1) if 0,1],
Dl.l<>:{§( z,0.1) ;Vie[ ]

This is similar to the full multitarget Bayes filter calculation in Section 3.3.3 as given

in (3.51) and is the function visualised in fig. 3.2 but note that whereas for the
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multitarget Bayes filter a full cardinality distribution for X could be inferred, with
the PHD only the mean of the cardinality distribution is calculated.
Applying (4.13) again to calculate the predicted PHD Dy, for time step 2 gives

1
Dop(z) =z + / N (z;w,0.1)wN(0.5;w,0.1)dw (4.57)
0

Again, there is a close link to the equivalent multitarget Bayes filter calculation from
Section 3.3.3. In fact, Doy = 2 x fo1({2}) where f51 is the multitarget predicted
density assuming that one target is present, which is visualised in fig. 3.3. Further-
more, the mean of the cardinality distribution is equal to 1, the same as for the full
multitarget Bayes filter but, as before, the full cardinality distribution is not available
for the PHD filter.

Finally, using (4.31) the posterior PHD for time step 2, Dy is

4

Dyjp(z) = Dop(z) Z

=2

1
K, = /(g;+/ N(x;w,O.l)wN(O.E);x,O.l)dw)/\/'(zi;x,O.l)dx. (4.59)
0

N(z;;2,0.1)

(= (4.58)

Figure 4.1 shows Dy for the case when the measurements are {0.1,0.5,0.9}, as in
Section 3.3.3. Note that the expected number of targets at time step 2, Ny =
[ Dyjp(x)dz = 1.507. This demonstrates that the PHD filter is not able to take ad-
vantage of the information in the multitarget Bayes filter using the full cardinality
distribution to infer that exactly two targets must be present. Regardless, the sum-
mary made of Dyjs by considering fig. 4.1, might be that there are two target present
in the vicinities of 0.5 and 0.8. This is the same summary that would be drawn
from the full multitarget Bayes filter. One might conclude from this that despite the

approximations, the important information has been preserved.

4.2 Implementing the PHD filter

Implementing the PHD filter using a grid-based method is no more feasible for prac-
tical purposes than using such a method for a Bayes filter as discussed in Section
2.1.3. Fortunately, two alternative methods have been established using a Sequen-
tial Monte Carlo approach (SMC-PHD) [124] or using Gaussian mixtures (GM-PHD)
[122]. Aspects of these approaches will be discussed extensively in Chapters 4 and 5
and so the details for each is presented with brief explanations in Sections 4.2.1 and
4.2.2 for SMC-PHD and GM-PHD respectively. Additional considerations required
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Figure 4.1: The posterior PHD at time step 2

for implementation such as state extraction and track continuity are briefly discussed
in Section 4.2.3.

For ease of reference, the PHD filter equations from Section 4.1 are:

D) = bosy(x) + / Ps(W) fiosn (x| W) Dygs(w)dw,  (4.60)

PD(X) Ly (%) Dy (x)
M6(2z) + DyaklppLa]

Disjp1(x) = (1 = pp(x)) Dia(x) + (4.61)

ZGZk+1
Here by41); is the PHD of target birth density, pg is the probability of a target surviv-
ing to the next time step, fr41)x is the single target Markov transition, pp is the prob-
ability of detection, L, is the single target likelihood function for measurement z, s is

the clutter density, A is the average number of false alarms, and f[g] = [ f(x)g(x)dx.

Some Remarks on the PHD Filter Equations

1. Tt will be seen below that the computational complexity of implementations of
the PHD filter is linear in the number of targets and the number of measurements
[75]. Thus, PHD filter implementations have favourable computational charac-
teristics with comparison to multitarget Bayes filter or MHT implementations

which have combinatoric complexity.

2. The birth and clutter processes, given by bj;1x(x) and Ak (z) are assumed to
be Poisson distributed, so the variance of their cardinality is constrained by its

mean. The effect of this constraint is discussed in a special case in Section 4.1.4.
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3. The clutter density term, Ax(z), in the denominator of (4.61) moderates the
impact of the component due to each measurement in the updated PHD. For
example, if the measurement z is such that Ax(z) is large, this means that the
measurement fell in a region of high clutter. Accordingly, the component in the
updated PHD will receive a lower weighting. It may be difficult to accurately
determine Ak(z) in real data. A strategy for determining this term could involve
averaging known clutter points over a large set of past data to estimate the mean

cardinality and the distribution of clutter.

4.2.1 The Sequential Monte Carlo PHD Filter

A Sequential Monte Carlo PHD (SMC-PHD) filter was presented in [124]. The form
of SMC-PHD presented here is based on this version and might be considered a
standard or ‘vanilla’” SMC-PHD implementation, whereas more recent developments
will be presented in Section 5.1. A convergence result for the SMC-PHD filter will be
briefly summarised at the end of this subsection.

The main difference between the SMC-PHD filter and the more familiar SMC filter
discussed in Section 2.1.3 is that the sum of the particle weights for the SMC-PHD
filter is not equal to 1 but rather to the expected number of targets present. As a
result, extra attention is required at the prediction and resampling steps to manage
the number of particles and their weights. The principles followed in obtaining the
SMC-PHD filter equations presented are:

1. Allow the number of particles at time &, Ny, to vary with the expected number

of targets, Ej i, so that Ny, = pEy, where p is ‘particles per expected target’.

2. Use standard importance sampling techniques for each term in the PHD filter
equations (4.60-4.61).

3. The standard SMC approximation means that for particles {x,(f)}i with weights
{w,(f)}i at time &, then Dyj(x) = >, w,(f)éx@) (x).
k

Initialisation
Assume that the initial PHD, Dyo, is known and the expected number of targets is
Epp. The number of particles required is Nojg = pEyjo and the particles are drawn

from ¢p and given weights w(()i) such that

. Dojo(-
Xo ~ qo(*) = g;é)’ (4.62)
o1
wy = —. 4.63
0= (4.63)
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Prediction
Let {xk ,wk)}i "* be the set of particles and associated weights from time step k.

Nk s obtained by treating the surviving

The predicted particle set {Xkﬂ‘k, wkﬂ‘k}
targets and birth targets separately, using Ny, particles for the surviving targets and
M particles for the birth targets so that Ny i, = Ny + M.

For the surviving targets, i = 1, ..., Ny

Xppape ~ Gk Ze), (4.64)

- Ps (%) i1 (K1, X5)
: = A 2 4.65
sl q(-[x}s Zr41) Wk ( )

Note that the choice (|}, Zpi1) = fk+1|k(-|x,(f)) (if this can be sampled from) gives
Wiy = Py}
Similarly, for birth targets, i = Ny + 1, ..., Ny + M:

X?c—‘rllk: ~ (| Zk+1), (4.66)
. b(x};H'k)
; = S v 4.

The choice §(:|Zk+1) = bypai(+)/Brs1e where By = [ byyap(x)dx, which is the

expected number of birth targets, gives wk+1|kz B/ M.

Update
For i =1,..., Nyy1, the updated weights {w;+l|k+l} are computed using (4.61) as

pD(XZH\k)Lz(XZHm) W (4.68)
k(z) + (W poLay | T '

Whraprr = |1 = oK) + Z

Z2EL 41

where the inner product (w, f) = >, f(x")w

Resample
The number of expected targets after the update is given by
Eppijp = > w}C 1kt and hence the number of particles required after resampling
is Nit1jk+1 = int(pEgi1)k+1) where int(P) is the nearest integer to P. Therefore, the
weights {w! ik 1) are normalised to form a discrete probability density, and Ny ijx41
particle selections are made from the set of particles with individual selections pro-
portional to {l@]i+1‘k+1}. The weights after resampling are wzﬂ‘kﬂ =1/p Vi

The full process is given in pseudocode form in Table 4.1 and an overview is given
in fig. 4.2.
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Convergence Result
It has been shown in [26] and [53], that under some weak assumptions of continuity

and boundedness on fii1jx, L, and the importance ratios in (4.65) and (4.67) that:

B[( [ DuGowaax = 3wl )] < A e

for all bounded v, where ¢, is independent of N. Therefore the mean squared error
in the particle approximation to the true PHD converges to zero as the number of

particles, N — oo.

4.2.2 The Gaussian Mixture PHD Filter

The Gaussian mixture PHD (GM-PHD) filter, originally presented in [122] is an
alternative method which approximates the PHD by a Gaussian sum similarly to the
approach in [111] for standard probability densities. The GM-PHD filter provides
an exact closed form solution to the PHD recursion (4.60-4.61) in the case where
forward and measurement models are linear, pp and pg are constant and all noise is
Gaussian and the birth density is a Gaussian sum. Note that the latter requirement
can automatically be satisfied as any probability density may be approximated with
arbitrary accuracy by a Gaussian sum [111]. The GM-PHD filter recursion bears a
similarity to the Kalman filter equations given in Section 2.1.2 and hence might be
readily understood by readers already familiar with the Kalman filter.

Formally, the assumptions required are:
Lo froe(xxe) = N Fiex, Qr)-

2. L,(x) = N(z; Hix, Ry).

3. ps and pp are constant.

4 biee(x) = Y21 wh N md g, Piy).

Here, F} and Hj are the forward and measurement matrices and ) and Ry are the
process noise and measurement noise covariance matrices respectively, as in Section
2.1.2.
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Prediction
If the PHD at time k is a Gaussian mixture of the form Dy (x) = Y27 wiN (x; mi, PY),
then the predicted PHD is given by

Dii11(x) = Dg g1 (X) + bpeg1(x), (4.70)

where by 1)x(x) is as given in assumption 4. Then

Jk
Dgpp(x) = ps Z wi N (X3 M s 1)k5 Ps sk (4.71)
i—1
Mgpe = Femy, (4.72)
P = Qe+ FuPiF. (4.73)

This result is proved using (2.19) and the proof is given in Appendix B.2.

Update
If the predicted PHD at time k& + 1 is a Gaussian mixture of the form Dy qp(x) =
Zjﬂl'k wiﬂ‘kj\/(x; m};Hlk, P,iH'k), then the updated PHD is given by

D1 (x) = (1= pp) Diga(x) + Z Dp(x;2), (4.74)
2E7 41
where
Jrt1)k
Dpy(x;z) = Z wZ(Z)N(XSm2+1|k+1(z):PI§+1\k+1>» (4.75)
i=1

. ppwe .Gt (z
wi(z) = D %) , (4.76)

J . .
k(z) + pp ijl‘k wi+1|kqi(z)

G(z) = N(z Hkm;f—i—llkv Ry, + Hkpli+1|ng)a (4.77)
m2+1\k+1(z> = m2+1\k + Ki(z — Hkm;c—f—nk)v (4.78)
Pli-i—l\k:-i-l = [I- Kka]P,iJer, (4.79)
K; = li+1\ka:T(Hk li+1|kaT + R) (4.80)

This result is proved using (2.19) and the proof is given in Appendix B.2.

Pruning and Merging
It can be seen from (4.74) and (4.75) that the number of components in the Gaussian
mixture will explode exponentially with time. This is due to the fact that there is

a Gaussian component for every measurement/component from predicted PHD pair
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and is similar to the problem of MHT in associating every track with every mea-
surement (see Section 3.1.2). However, whereas for the MHT filter it is necessary to
apply ad hoc pruning schemes, for the GM-PHD filter it is possible to use established
techniques for reducing the number of components in the Gaussian mixture. In [122],

it is suggested to use some combination of the following three methods:

e Pruning - deleting all Gaussian components with associated weight below a
threshold T'.

e Merging - merge Gaussian components with means mi, my and covariances
Py, P, whenever (m; — my)P; ' (my —my) < U for some threshold U. Merging

is performed using the joining algorithm described in [103].

e Limiting - limit the number of Gaussian components by choosing only the V

components with the highest associated weights.

The details of these processes are given in more detail in the GM-PHD pseudocode
at the end of this section and an overview is given in fig. 4.3. Clark and Vo [30] show

how to choose T and U so as to maintain L; convergence to the true PHD filter.

Nonlinear Forward and Measurement Models

In the single target case, if the deterministic part of the forward or measurement
model is nonlinear but all of the noise is Gaussian it may be desirable to use an
Extended or Unscented Kalman filter. Similarly, in the multitarget case there are
extended and unscented variations on the GM-PHD filter for cases with nonlinear
forward or measurement models.

Consider the equations for the means and covariances (4.72-4.73) in the prediction
step and (4.78-4.80) in the update step. These values are equivalent to Kalman filter
computations. By replacing these values with their respective Extended Kalman
Filter (EKF) and Unscented Kalman filter (UKF) computations given in Section
2.1.3, it is possible to obtain the EKF-GM-PHD and UKF-GM-PHD. The full details
of the schemes may be found in the paper by Vo and Ma [122] who describe the details
as “conceptually straightforward but notationally cumbersome” (which is why they
are omitted here).

Remark: The discussion in Section 2.2 about the relative merits of EKF, UKF
and the particle filter for nonlinear filtering should be considered when deciding to
apply EKF-GM-PHD, UKF-GM-PHD or SMC-PHD.
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4.2.3 State Extraction and Track Continuity

Sections 4.2.1 and 4.2.2 gave two possible methods for calculating a PHD recursion.
However, most tracking systems are required to output estimates of target location,
possibly with a method for monitoring trajectories of tracks present continuously for
a number of time steps. The standard methods for performing these tasks will be

briefly summarised.

State Extraction

It is possible to extract target location estimates from the PHD by looking for ‘peaks’
in the PHD. The number of peaks to select may be chosen based on the expected
number of targets present, which is the integral of the PHD.

SMC-PHD - In SMC-PHD the integral of the PHD is simply the sum of the par-
ticle weights, denoted N here. An obvious choice for the number of peaks to extract
is N = mt(N ). Extracting N peaks from the particle set representing the PHD
requires the clustering of the particles in IV partitions, each of which is taken to rep-
resent an individual target [27] and declared. The thesis by Clark [24] contains a
detailed comparison of various clustering methods for state extraction in SMC-PHD
and concludes that k-means clustering performs the best. The details of the k-means
algorithm may be found in [59]. The clustering step partitions the particles and, from
each partition, a mean and covariance may be computed. The sum of the weights of
particles in each partition represents the expected number of true targets associated
with the partition, and this may be used as a measure of confidence in the hypothesis
that the partition represents a true target. State extraction and track continuity for
the SMC-PHD filter will be discussed further in Section 5.1.

GM-PHD - For the GM-PHD filter, it is noted that the weight of each Gaussian
component is the number of expected targets corresponding to the Gaussian. Thus,

the components with weights high enough to be considered true targets are declared.

Track Continuity

Methods for track continuity are presented in [25] and [88] for the SMC-PHD filter
and [87] for the GM-PHD filter. Both methods are based on assigning labels to indi-
vidual particles or Gaussian components which are maintained through the prediction

step in order to allow association of tracks over time steps. This will be discussed
further in the SMC-PHD case in Section 5.1.
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Initialise
for i = ]_, ey N0|0
sample x; ~ qo(-)

wh = 1/p
end
for k=0,1,...
Predict

[surviving targets]
for i =1,..., Ny
sample Xz;+1\k ~ q(-|X%, Zii1)
wlic+1\k = (ps(xp,) fer1e(Xh1 Xi)wi)/(Qk(Xiﬂ\le% Z11))
end
[birth targets]
for ¢ = fVMk +-1,.”,fVHk'+*A4
sample Xy, ~ Qe (-1 Zr41)
Wipe = 0K 1) /M G (X1 [ Zpes1)
end

Update

for z € Z; 1
Cr(z) = Zzﬁk wkz—i—l\ka(Xk+1|k)LZ(Xk+1|k’)
for i = 1, ceey Nk|k + M

4 : xi ) La(xE :
Wharpn(8) = [1 = po(xhy) + Ty, 2ok
end
end
Resample
Ny +M

_ i
e compute Nk{r”kﬂ =p > - > i1 wkaH(z) |
1 (2 1 M 1

o resample {X; 1, Wi 1 )e11(2) }ia Nir1is1 times to give the set {x} ;.. 1/p}s

State Extraction

. Niti1jk+1
e compute Ty, = int(d_, W1 k1)

e partition {X2+1‘k+1}i into T}, sets using k-means algorithm
e declare the mean and covariance of each partition as a separate target estimate

end

Table 4.1: Pseudocode for the SMC-PHD filter with state extraction
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7
Given {w§, my, Pi}2,

for k=0,1,...
Predict
for:=1,...,J,
Wipapge = PSWy  Migqe = Femy, . Pryyy = Qr + Fy P Fy,
end
for ZJF—J 1,. J7 " "
1 1 7
wk+1Tk =Wk mk+1’Tk = m'yk , Pk+1\kk; PZ
end
Jer1k = Je + J4
Update

for ¢ = 1 Jk+1|k
S}? = PliH‘kHT + Ry, K = P,zﬂ‘kaT(S,i)_l
P = - K; Hk]Plgﬂ‘k
for z € Zy 1

Qk< ) N(Z Hkmk+1|kas ) Ck( ) ijﬁl‘k U)i+1|kqi(Z)
W (2) = Pttt 04(2)/ (5(2) + Cu(2))
my(2) = My + Ki(z Hkm;c+1|k)
end
end
[Reorganise components]
for i = 1, ceny Jk+1|k

J=0
forz € 7.
Jj=7+1
(=11 Zksa 4145 _ (D Zea )+ _
wk# 1)(\kZ+l |+1)j+': wkfl(z) M = M (2)
Pk+1 k+1 J — P]z+1
end
([ Zp1l+1) _ g i (| Zpgal+1) _ g prZeal+) _ pi
W41 = ( pD)wk—H\k » Mgy = Mgk > Tk k1)K
end
et = e ([ Zrga| + 1)
Prune/Merge

I={i=1,.., Jeulw,, >T}

) (3 1) +1 7 ) '3
e replace {wk+17 My Pk+1}i:1 by {wk+17 My Pk+1}i€f

=0
while I # ()
l=1+1

j = argmazier(wi ) ‘

L={ie€ [|(mk+1 miH)T(PIz‘H)_I(mZH —myy) < U}

Uj§c+1 = Dier Wit s Mis1 = Diep Wi 1M1 A

Py = ﬁ D ier Wi (P + (mi:-i-l - m2+1>(m§g+1 — M)

I=1\L
end
i J) ~j A i
e replace {wk+17mk+17 Pk—i—l} ' by {wk+l7mk+l7 Pk+1}iL=1
end 83

Table 4.2: Pseudocode for the GM-PHD filter with pruning and merging
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Figure 4.2: Flowchart illustrating the implementation of the SMC-PHD filter.
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Figure 4.3: Flowchart illustrating the implementation of the GM-PHD filter.
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Chapter 5

Multitarget Tracking: Analysis and
Extensions

In Chapters 3 and 4, the random finite set method for multitarget tracking was de-
scribed. A full analytical solution to the multitarget tracking problem in the form
of the multitarget Bayes filter was derived, but it was seen that this would be com-
putationally intractable in any realistic tracking scenario. The PHD filter provides a
principled approximation to the multitarget Bayes filter and opens the possibility of
implementation through sequential Monte Carlo and Gaussian mixture methods.

This chapter will focus on analysis and extensions to the PHD filter. The aim is
to permit PHD filter implementations to tracking scenarios beyond the ‘vanilla’ case
considered in Chapter 4 and to understand these implementations. This understand-
ing will be drawn from observing equivalence or similarity between the PHD filter
and other established solutions, particularly those which relate to Bayes filtering.

The issues considered will be manoeuvring targets within the jump Markov lin-
ear system framework as in Section 2.4, inclusion of target amplitude information,
extensions to the SMC-PHD filter and the elaboration of a multitarget miss distance
to aid performance analysis.

In Section 5.1, there is a discussion of some important problems with state ex-
traction and target birth within the standard SMC-PHD filter which make the imple-
mentation described in Section 4.2 generally implausible. Extensions correcting these
problems are presented leading to the improved SMC-PHD filter with track continu-
ity. A general framework for manoeuvre handling within the PHD filter is presented in
Section 5.2. In Section 5.3 a scheme for the inclusion of target amplitude information
is presented, showing close correspondence with the track-before-detect methodol-
ogy. Section 5.4 develops the concept of a miss distance for multitarget states, the

existence of which is fundamental to estimation theory.
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5.1 SMC-PHD Filter

There are two issues which cause significant difficulties in implementing the standard
SMC-PHD filter: clustering and target birth. This section will elucidate the nature
of these problems and explore some new methodologies for alleviating them. This
eventually gives rise to the improved SMC-PHD filter with track continuity [96] [136].

5.1.1 Issues with the Standard SMC-PHD Filter

Clustering

As discussed in Section 4.2, the standard SMC-PHD filter propagates a particle rep-
resentation of the PHD. In order to extract state estimates from the particle repre-
sentation it is necessary to cluster the particle set into partitions with each partition
representing a separate target. Each partition’s associated mean, covariance and
weight can then be used for target declaration. The clustering methods that have
been employed in [124] [25] [38] [88] [117], among others, take the number of clusters
as an input parameter. This parameter is typically chosen as the nearest integer to
the expected target number. It was first observed in [124] that this form of clustering
might lead to unreliable results when the expected target number is incorrect. The
existence of problems with the clustering step is well known; in [90], for example,
“unreliability of clustering techniques for extracting state estimates” is given as the

reason for eschewing the SMC implementation of the PHD filter altogether.

Clustering Methods - This will be a brief overview of the clustering methods employed
in the literature for the SMC-PHD filter including their computational complexity and
convergence properties.

A possible clustering method is hierarchical clustering, which returns a hierarchy of
clusters from a single cluster containing all particles to a set of clusters each containing
one particle. Letting N be the number of particles, the complexity of the algorithm
is O(N?logN), which may make it an impractical choice for large N.

The articles [88] and [25] among others mention the use of the expectation maximi-
sation (EM) algorithm [34] to fit a Gaussian Mixture to the data. For this algorithm,
if the number of partitions is k, and ¢ is the number of iterations, the computational
complexity is O(Nk?t). An alternative to EM is k-means clustering which is investi-
gated in depth in Daniel Clark’s PhD thesis [24]. Clark finds that k-means clustering
is able to outperform EM while also having a lower complexity of O(Nkt). K-means

clustering is widely used: a 2002 survey on data mining techniques states that it is
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“by far the most popular clustering algorithm used in scientific and industrial appli-
cations”. For these reasons, k-means clustering will be the algorithm of choice for
clustering for the rest of this section.

There are some disadvantages to using k-means. It is an ad-hoc method and
convergence to the optimal clustering is not guaranteed. In fact, there are examples
for which the algorithm generates arbitrarily bad clusterings by getting stuck in a
local minimum. Clark et al. [28] suggest using the extension to k-means proposed
by Kanungo et al. [59] guaranteeing convergence arbitrarily close to the optimal so-
lution. However, this comes at a cost of a complexity proportional to N3 making
it slower than hierarchical clustering and hence impractical for many applications.
Alternatively, a newer method by developed by Arthur and Vassilvitskii [4], given
the name k-means++, is able to guarantee an upper bound on the expectation of the
ratio between the k-means clustering and the optimal clustering with no significant
computational burden. This is achieved simply by a careful probabilistic choice of
initial centres in the k-means algorithm. Due to its favourable computational charac-
teristics, this is the method that will be employed. Full details of k-means with the

initial centres chosen as in [4] are available in pseudo-code in Table 5.2.

Choosing the ‘k’ in k-means - Vo et al. [124] point out that “when the estimated
[target] number is incorrect, the clustering output becomes unreliable”. To see why
this is the case consider the scenario depicted in fig. 5.1(a). A casual inspection of the
particle distribution suggests two targets. However, the expected target number falls
slightly below 1.5 and so rounds to 1. K-means clustering of the particle distribution
with k£ = 1 gives the unhelpful cluster centre depicted.

It is possible to go further than the problematic case already identified and present
an example where the estimated target number is correct but the clustering output
is still doomed to become unreliable. Fig. 5.1(b) shows a scenario where there is
one group of particles in the bottom right corner with total associated weight 1 and
four other groups of particles in the top left hand corner each corresponding to a false
alarm and having total associated weight 0.05. In this case, the particle distribution is
reasonable and the rounded expected target number is correct but the centre returned
by clustering is useless and in a tracking context would be likely to lead to the loss
of the track. In short, inevitable false alarms will generate low weight components of
the PHD which will not be allocated separate partitions but instead simply skew the

centre away from the true target.
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(a) (b)

Figure 5.1: Two examples of particle representation of PHDs. Particles are denoted
by green dots and the resulting k-means centres are denoted by blue crosses.

a) Two targets each with associated weight 0.7.

b) One target with weight 1 and four false alarms with weight 0.05.

The problem of choosing the ‘k’ in k-means is considered by Clark et al. in [27]
who suggest that k-means should be applied for all values of k& with the average dis-
tortion (average of the distances of each particle to the nearest centre) computed. It
is clear that as k increases, distortion will decrease and so Clark et al. suggest using
the rate of change of distortion with respect to k£ and ‘some judgement’ to determine
the correct value of k. A potential problem with such an approach is highlighted in
[140] which points out that in such a method “the problem of determining the number
of clusters is converted into a parameter selection problem, and the resulting number

of clusters is largely dependent on parameter tweaking”.

Target Birth
In general, the target birth density will cover the entire surveillance region whereas
the likelihood due to single measurements will only have non-negligible values for a
comparatively small region. Thus, in order to permit target births in the SMC-PHD
filter, it will be necessary to sample particles covering the entire surveillance region
with a sampling sufficiently dense as to be accurate within the localisation of a single
target likelihood function. This may require a large number of samples to be allocated
to target birth and could lead to impractical levels of computation.

A simple numerical simulation was carried out to illustrate this point. The sim-
ulation concerned a sensor with region of surveillance [0,40] x [0,40]. The model

parameters for the PHD recursion were pp = 1, pg = 0.1, A = 10 and k = constant
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on the measurement space. Measurements were taken of the x and y location of the
target with zero-mean, white Gaussian noise with standard deviation o = 0.1 added
to each component. A single target appeared in the centre of the surveillance region
and the target was considered to be identified if the expected target number was
greater than 0.75 after 5 time steps. 100 Monte Carlo runs of the test were performed
with a GM-PHD filter with 25 Gaussian components assigned to approximating the
birth density, and an SMC-PHD filter with various numbers of particles assigned to
target birth. The results are given in Table 5.1. It can be seen from the results that
it requires a very large number of birth particles to approach the results obtained
easily by the GM-PHD filter. The computation for the SMC-PHD filter with 100000
birth particles took over 6000 times longer than the GM-PHD filter.

GM | SMC-1000 | SMC-10000 | SMC-100000
% tracked | 100 | 8 30 76

Table 5.1: Percentage of the tests in which the target passed a declaration threshold
of 0.75 for various PHD filter implementations. SMC-N denotes the SMC-PHD filter
with IV particles assigned to target birth

5.1.2 Improved Clustering for the SMC-PHD Filter

In order to alleviate problems with the clustering step in the SMC-PHD filter, an
improved clustering step is proposed. The improved clustering step involves jointly
determining the number of clusters and the clusters themselves. The improved clus-
tering step follows on from the ideas of Clark et al. [27] in attempting a range of
values of k, the number of clusters, but the extra judgement required is replaced by
a criterion which exploits existing information about the tracking scenario.

The following assumptions are made:

1. L,(x) = N(z;h(x),R) (where N (a;b,C) is the normal distribution with vari-

able a which has mean b and covariance C).

2. The length scale of change in L,(x) is short by comparison with the length scale
of change for by1)x(x) so that the particles corresponding to a single target upon

first detection are drawn approximately from L,(x).

3. The distribution of particles corresponding to a given target are most diffuse
upon first detection of that target (as subsequent updates will tend to make the

distribution more “peaked”).
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Considering the above assumptions, which are reasonable for many tracking applica-
tions, it can be seen that clustering in this context has more structure than a general
clustering problem. The particles corresponding to a single target should be dis-
tributed either like L,(x) in the measurement space or possibly more “peaked” than
L,(x) for established targets. A group of particles more diffuse than L,(x) in the
measurement space should not correspond to a single target and hence should not be
a cluster.

The expression,
d? =v'Rv, (5.1)

where v = z — h(x) is a statistical distance of a realisation of the likelihood function

from its mean. It is typically to approximate [15, p. 337]
& ~ Xiim(a): (5.2)

Hence, using the cumulative distribution function for x? it can be seen that if a

proportion p of realisations of L,(x) were to satisfy d? <~ then

dim(z) -~
=P(———=, = 5.3
p=P(—5=3) (5.3)
where P(s,z) = %S) f(f e~'t*71dt is the regularised gamma function. This suggests

a criteria to determine if a cluster of particles corresponds to a single target under
the assumptions above. Table 5.3 gives the pseudocode for the improved clustering
algorithm which tries increasing the number of clusters until a clustering can be found
which satisfies the condition that all clusters are at least as “peaked” as L,(x) in the
measurement space and hence correspond to a single target. Numerical simulations
to test the performance of the SMC-PHD filter with improved clustering algorithm

are given in Section 5.1.4.

5.1.3 Improved SMC-PHD filter with Track Continuity

The improved SMC-PHD filter was first presented in [96] and was extended in [136] to
permit track continuity. The author’s contribution to the jointly authored paper [136]
is outlined in Section 1.4.1. The improved SMC-PHD filter avoids issues with clus-
tering by performing state extraction without the use of clustering and dramatically
reduces the number of particles required for target birth by only sampling particles
close to measurements. The latter may potentially cause bias in the cardinality of
the PHD filter, so it is necessary to re-formulate the PHD filter, keeping the birth
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Given {z;}ie,, k
Initialisation
e Choose mi randomly from {z;}
for j=2,...0k
e Compute D(x;), the distance from x; to the nearest centre Vi
o Choose m} from {x;}}¥, with probability D(z;)?/ i D(x;)?

N
i=1

Pl=1 Vi
end
Recursion
for [ =23, ...
fori=1,..N
P! = arg min; ||z; — m/|]
end
for j=1,...,k
N; ={i: P} =j}
=2, v/ IN;|
end
if ’Zf\; || — mlleH - Ez]\;l || — mi;zlel <e
break; Z
end
end

Output - P, =P Vi my=m}, ,C; =3 p_(v;i=my)* Vj

Table 5.2: Pseudocode for the k-means++ algorithm

Given {z;}¥, and p, v satisfying (5.3)

for k =1,2,...
[mj, C;, B] = kmeans + +({z; }11, k)
for j=1,...,k
Nj={i:P=j}, D; =0
for i = N;
v; = h(mj) — h(x;),d? = vl R~
if & >y
end
end
end
if D;/|N;| <p
break;
end
end

Output- [m;, C;, P

Table 5.3: Pseudocode for the improved clustering algorithm
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process separate from the persisting targets.

Measurement Dependent Birth Density
A formulation of the PHD filter is derived which propagates separate PHDs for per-
sistent and newborn targets. These are recombined at the end of each time step as
the newborn targets cease to be new. Sampling from the newborn PHD is dependent
on the measurements resulting in a dramatic reduction in the number of particles
required for target birth.

Include a label, 5, in the target state vector to distinguish newborn targets from

persistent targets so that the augmented state vector is x = (x, §) where

0 for a persistent object,
B = . (5.4)
1 for a newborn object.
As the birth density only applies to newborn targets, the birth PHD ;) is:
A ’Yk+1\k(X) g =1,
X) = 5.5
Vrr1k(X) {0 50, (5.5)

Similarly, because a newborn target becomes a persistent target after one time step,
but a persistent target cannot become a newborn target, the single target transition

density fryix is:

ferpe(XIX) = ferp(x, 81X, 87 (5.6)
0 p=1,

_ 5.7

{fk+1|k<X’X/> p=0. 57)

As pg is independent of 3, substituting (5.5-5.7) into the PHD predictor equation
(4.60) gives:

D ) k() p=1, 58
k(% ) {(Dm(-,l) + Dyie(+, 0), ps fere(z|)) B =0. o
Using this formulation, the PHD update equation (4.61) is:
Diiajpra(x, 8) =(1 — pp(x, B)) Dyyaje(x, 8)+
Z pD(i(a B)LZ(Xu B)Dkﬂ\k(x’ 5) ) (5.9)
zEZ), )\I{(Z) + Zﬁ:0<pD('> B)LZ(7 /8)7 Dk+1|k<.’ B»

92



Assuming that new targets are always detected (i.e. pp(x,0) = 1) and that the

measurement does not depend on [ gives:

Dyt (%,0) =(1 — pp(x)) Di (.0}
Z PD(X) Ly (%) Dy (%, 0)
ot A6 (2) + (Lo, Vo) + (PoLas Diae(+,0))’

_ Lz(X)%H\k(X)
Dirpra(e1) = 2. AK(2Z) + (L, Y1) + (PoLa, Disjp(+ 0)) (5.11)

(5.10)

The importance sampling for the persistent targets may be carried out in the same
way as in (4.64-4.65) and (4.68) taking care to note that the denominator in the

measurement terms has a slightly different form in (5.10). Thus, given {x,wi}
X~ Srane(X5), (5.12)
w;;:+1|k = ps(xi)wi, (5.13)
and the weights are updated by

pD(XZ+1\k>Lz(X2+1\k>

L(z)

wZH =|1- pD(XZ+1|k) + Z w2+1|k' (5.14)

2E7, 41

Here, £(z) is the denominator of (5.11).
The form of (5.11) permits a different strategy for newborn targets with a proposal
density dependent on the measurements. For each z € Z;.,, generate n random

samples from the probability density

Ly ()Yt (+)

X;k—o—l\k ~ (5.15)
’ Vg k+1|k
i Vg k+1|k

W = T £ (5.16)

where v, 41 is the normalising constant (L, (:)ve+1x(-)) which corresponds to the
expected number of newborn targets due to the measurement z. The weights of the

newborn particles after the update step are then

i _ w;,k+l|k
wz,kJrl - /;(Z) :

(5.17)

Note that the importance sampling scheme has been adjusted slightly from the one
presented in [96] to allow for different weightings of particles due to different mea-
surements as may be required if the birth density is non-constant. In [96], an average

is taken giving an average number of expected targets per measurement in place of
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Vg i+1)k- Full details of the improved SMC-PHD filter including state extraction and

track continuity are given in Table 5.4.

State Extraction

State extraction will only be performed for the persisting targets; this should reduce
the number of false alarms. Writing Zy11 = {21 441, ..., ka+1,k+1} and considering the
form of (5.14) it can be seen that

ME4+1
Wiy =1 — pD<XZ+1|k)wlzc+1|k + Z Wit (5.18)
j=1

where

i pD(XZ lk)Lz(XZ 1) i
Wil = [ = L(z) = W1 k- (5.19)

This can be interpreted as each particle having a component due to each measurement.

These components are used to extract a state due to each measurement as follows:

Wiy, = D wi, (5.20)

Xi—i—l = Zw2711X2+1|k/le+17 (5.21)

Pl = ) wid (K — X)X — Xi0) " /Wi, (5.22)
+1 k1 \XE+1]k k+1)\Xk+1k k+1 k+1

Hence, the form of the PHD update equation (4.61) has been exploited to identify
components of the PHD due to individual measurements within the SMC-PHD filter
and this has removed the need for particle clustering to perform state extraction.
A disadvantage is that, as no clustering is performed, labelling of particles is not
possible and hence track continuity in the sense introduced in [25] is not possible.
Furthermore, the particles due to missed detections in (5.19) are not used for state
extraction and hence it will not be possible to extract states from targets with missed

detections. These issues will be resolved using a stratified resampling technique.

Stratified Resampling For Track Continuity
In stratified resampling, a separate resampling is conducted for each measurement
(and additionally for the “missed detection” case). Define wy, = (L=pD (Xjy 1)) Wi 11
the weights corresponding the missed detections in (5.19) and also define
0,0
Wooi=> wi,. (5.23)

(2
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Given p, the number of particles per target in the SMC-PHD filter implementation,
the number of particles corresponding to each measurement (and the missed detection

case) is thus
Njjp1 = int(Wi,  -p) for j=0,.. mpp. (5.24)

Finally, N; 41 particles are resampled from the set {XZHW wal}, for j =0, ..., Mgy,
to give {xi,, wh, }4 where Nyy = >4t Njgs1. The particles due to each re-
sampling set are now considered as individual clusters. In order to enable track con-
tinuity each persisting particle carries a track I.D. label which is maintained through
the prediction and update steps. In addition to the track 1.D. label, each particle is
also now assigned a label due to its cluster from the resampling step.

Track Association - Next, the clusters are either associated with existing tracks or

used to begin new tracks. Finally, all of the particles in the cluster will be given the

track label 1.D. for the appropriate track. Let,

C(i) i=1,..,Ngr1 —Cluster label for each particle
L(i) i=1,...,Ng1 —Track id label for each particle
M(j) j=1,...,mg; —Labels for each cluster
)

¢=1,..,T, —Existing track I.D.s

where T} is the number of track 1.D.s from the previous time step. Define:

N
Ajj = Z 5C(i),M(j)5L(i),T(€) for j = 1, ey M1, = 1, ...,Tk (525)
i=1

where 6, , is the Kronecker delta. Therefore A, represents the number of particles
with cluster label M(j) and track id label T'(¢).
Also, let

N
Bj = ch(i):M(j)(sL(i),O for j=1,....mpp (5.26)

i=1
so that B, represents the number of particles with cluster label M (j) and no track id
label.

The association between clusters and track 1.D.s is performed by maximising the
number of particles which keep their track labels, while recognising the benefit of be-
ginning a new track if a cluster mostly contains particles with no track I.D. label. An

optimisation is performed where the “reward” for associating cluster label M (j) with
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track label T'(¢) is equal to A;,. The reward for starting a new track is proportional
to B;.

To understand better the choice of constant of proportionality, denoted 6, as-
sociated with the reward for starting a new track. Consider a case with a cluster
comprised of 499 particles with track id ‘1’ and 500 particles with no track I.D.. In
most cases, it would be considered preferable for this cluster to be associated with
track I.D. ‘1’ rather than starting a new track so # should usually be chosen as less
than 1.

The optimal set of associations between clusters and tracks, which maximises the
rewards from maintaining particle track [.D.s and starting new tracks, is computed

by performing an auction-type algorithm (see [12]) on the matrix:
C = [A,01g], (5.27)

where I3 is the identity matrix with the vector B for a diagonal and A is the matrix
computed in (5.25) .

After the assignment has taken place, state extraction may be calculated by

. _ i i
Xht1, = > WX, (5.28)
x};_‘_lztrack id=J
_ i i - i - T
Py = E wk+1(xk+1 - Xk+1,J)(Xk+1 — Xpt1,7) (5.29)
x};+1:track id=J
_ i
Wit1,s = E Wy 1, (5.30)

x’,‘;+1 itrack id=J

for each J, belonging to the set of track labels present.

Remark: Under this formulation of track continuity, particles which are in the
“no measurement” cluster have their track id labels unchanged. This allows for state
extraction of targets for which no measurement is received, which is not possible in

the state extraction method outlined in [96].

Gating

The bulk of the computation for the SMC-PHD filter is due to (5.14) which has
complexity Ny x my. The value of L, (x}, ] .) is likely to be very small for most parti-
cle/measurement pairs and so it would make sense to only compute those values not
too small to contribute significantly to the weights. This can be achieved by gating
particle/measurement pairs using track I.D. labels. At the beginning of the update

step, the means and covariances for each track can be estimated using (5.28-5.29) and
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the forward model. For each measurement, z; and each track, f{ﬁd x_1, the statistical

distance, d;; can be computed by:

djs = (pr(2j) — Xygp—1) P (0r(2)) = Xi)” (5.31)

where pr(z;) is the projection of z; onto the single target state space. If d;; is above
some suitably high threshold then it may be assumed that all particles with the cor-
responding track label are sufficiently far from the z; that no significant contribution
to the particle weight will come from that measurement. Thus, the contribution to
(5.14) is not calculated but set to 0.

Given {x,w.}
Prediction/Update
fori=1,...N;
byi i
e Sample Xy, ™ Srr (5 x3.)
bl i\
e Compute Wil = ps (X)) wy

o Compute wZil according to (5.14)

end
for z € Zp1
fori=1,...n

e Sample x ; ;. according to (5.15)
e Compute w}, ., according to (5.16)
end
eCombine {X} 1, Wi 1} = {Xk+1> wk+1} U Uzezkﬂ{xz kt1lk> We 241}
end
State Extraction/Track Continuity

for j =0,. mk+1
oCompute wy?, according to (5.19) and (5.23)
e ComputeNj 11 = int(Wis1p)
e Resample {X};Ikﬂ,w;’il} to give {x§7k+1,w§’k+1} and
give each resampled particle the cluster label j
end
e ['ind optimal association between clusters and tracks using (5.25-5.27).
for all existing track i.d.s, J
e Compute Xy, W, T Pk 7 using (5.28-5.30)
end

Table 5.4: Pseudocode for one iteration of the improved SMC-PHD filter.
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5.1.4 SMC-PHD Performance Assessment with Simulated
Data

Simple Test of the Effectiveness of the Improved Clustering Step

A simple test was carried out to determine if the use of improved clustering alleviates
the state estimation problem in the SMC-PHD filter. The improved SMC-PHD filter
was used for comparison and a linear, Gaussian scenario was selected so that the
GM-PHD filter is the closed form solution to the PHD recursion, providing a further

point of comparison.

401

30~
25-

20

Figure 5.2: Simple scenario with one target.

The tracking scenario is shown in fig. 5.2. Measurements of (x,y) position are
received and each measurement component is corrupted by zero-mean, white Gaussian
noise with standard deviation ¢ = 0.3. The measurement dimension is two so (5.3)
reduces to p = 1 — e and so v can be calculated for a given value of p as
v = —2log(1l — p). For this test, p = 0.99 which gives v = 9.21. The birth model
used in all of the PHD filter forward models is a uniformly distributed Poisson birth
process with mean 0.1. The clutter process is also uniformly distributed and Poisson
with mean A.

100 Monte Carlo tests were run for a variety of choices of the clutter level, A. The
criterion for success was a “track maintenance” measure of effectiveness (see Section

5.4 for further discussion of measures of effectiveness). A track was automatically
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initialised and was considered to have been maintained if a track with weight > 0.2
was declared within one unit of the true target location for at least % of the time steps
in the test. Both SMC filters used 1000 particles per target. For birth targets, the
improved SMC-PHD filter used 100 particles per target whereas the other SMC-PHD
filter implementations used 50000 birth particles. The results are presented in Table
5.5.

clutter | SMC-PHD | impr. clustering | impr. SMC-PHD | GM-PHD
10
20
50
100
200
500

1 1 1
1 1 1
1 1 1
1 1 1
1 1 1

S OO O oo

0.97 0.97 0.99

Table 5.5: The proportion of successful tracks maintained from 100 Monte Carlo tests
using standard SMC-PHD, SMC-PHD with improved clustering, improved SMC-PHD
and GM-PHD filters.

The results show that improved clustering fixes the state estimation problem as-
sociated with clustering within the SMC-PHD filter, giving significantly improved
results despite the fact that the underlying SMC-PHD filter recursion is unchanged.
The results for the SMC-PHD filter are brought into line with the results for a similar
scenario using the GM-PHD filter as presented in Section 6.4. However, the improved
SMC-PHD filter performs just as well but generally requires far fewer particles for
the birth process as well as not requiring any computation for the clustering step.
Hence, although the improved clustering solves the state estimation problem, it is su-
perseded by the improved SMC-PHD filter which also solves the target birth problem.

Effect of Gating in the improved SMC-PHD filter

The negligible effect of gating on results is illustrated using a simple test. In this
scenario, illustrated in fig. 5.2, there is one target observed by a sensor located at
the origin which measures range and bearing with measurement noise standard de-
viation 0.1 and 1° respectively. Clutter is uniformly distributed over the surveillance
region with the number of false detections being Poisson distributed with mean .
The probability of detection is constant, Pp = 0.95. The forward transition ¢(x|x’)
is based on constant velocity with a small amount of process noise. 1000 particles per
target are used, with 100 particles for each newborn target. 1000 Monte Carlo tests

were run.
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Figure 5.3: Cardinality with and without gating for A = 10.
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Fig. 5.3 shows the number of targets declared at each time step, averaged over the
Monte Carlo trials, illustrating the equivalence of performance with or without gating.
More generally, we consider the optimal sub-pattern assignment (OSPA) metric [107],
as discussed in Section 5.4. This metric is chosen because it captures the error in both
localisation and cardinality. The OSPA parameter c is set as 1 throughout.

In fig. 5.4, the OSPA metric averaged over the set of Monte Carlo trials and the
length of the each run is shown for a range of A. Similarity of performance is again
apparent, with the non-gating case having an average OSPA metric only 0.2% lower
than with gating.

Fig. 5.5 shows the computing time taken both with and without gating for a
range of clutter levels. This demonstrates that using gating offers a significant speed-

up without a corresponding loss of performance.

350
300 —gating
no gating
250} .
w
g 200t .
@
£
2 150} i
£
o
[E]
o .
50t .
O 1
10" 10’ 10°

clutter level

Figure 5.5: Computing times with and without gating for a range of \.

Performance Comparison of the improved SMC-PHD and EKF-GM-PHD

filters
Prior to the development of the improved SMC-PHD filter, the GM-PHD filter and

its nonlinear approximations were considered the most plausible methods for multi-
target tracking. Both the improved SMC-PHD and EKF-GM-PHD filters were tested

on the scenario shown in fig. 5.6, where 8 targets appear at various times. All other
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Figure 5.6: Scenario with 8 targets
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Figure 5.7: Example tracker output with A = 10.
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scenario parameters were the same as those described in the previous test for gating.
The success of the improved SMC-PHD filter with track labelling is demonstrated in
one incidence with A = 10 in fig. 5.7. The filter output shown in the figure includes
both false alarm track declarations and missing declarations of tracks due to missed
detections, however it is broadly clear that the targets have been tracked and that
track continuity has been maintained.

Fig. 5.8 shows the average number of targets declared at each time step for A = 10
for both the SMC-PHD and EKF-GM-PHD filters. It can be seen that the SMC-PHD
filter is able to initialise new tracks more quickly which gives the SMC-PHD method
an average cardinality error 72% lower than the EKF-GM-PHD filter. On the other
hand, fig. 5.9 shows that the OSPA metric with ¢ = 1 for A = 10 demonstrating that
the OSPA distance is clearly lower for the EKF-GM-PHD filter apart from recently
after appearance of new targets. This suggests that the localisation for the EKF-GM-
PHD filter is superior. Over a set of tests for various clutter levels, the OSPA metric
was found to be 9-11% lower for the EKF-GM-PHD filter for A = 0, 5, 10, 20, 50. This
shows that the EKF-GM-PHD filter performs slightly better in this sense but that
performance of the two is comparable.

Note that the bearing error standard deviation for all of the tests here was 1°.
The results from Section 2.2 suggest that for bearing error any higher than this, the
EKF approximation will break down so that the improved SMC-PHD filter would be
expected to perform better in comparison.

The larger error in localisation appears to be due to restriction on the number of
particles per target in the SMC-PHD filter. For a smaller test with 100 Monte Carlo
trials, 10000 particles per target (as opposed to the usual 1000) were used with A = 10.
In this case, the OSPA metric was only 0.5% lower for the EKF-GM-PHD filter. This
demonstrates that increasing the number of particles per target effectively eliminates
the difference in performance between the two methods. However, this increases the
computational cost of the SMC-PHD filter ten-fold, so that the computational cost
increases from 40% higher than the EKF-GM-PHD filter to 14 times higher. This
demonstrates the well-known computational disadvantage of particle methods.

Track continuity of the two methods was compared by calculating the average
length of a “correct” track. This was 18-21% higher for the EKF-GM-PHD filter for
each of the clutter levels A = 0,5, 10, 20,50 demonstrating that track continuity is
comparable but slightly worse for the SMC-PHD filter than the established GM-PHD

track continuity method as presented in [87].
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5.2 Manoeuvre Handling

Section 2.4 considered the problem of handling target manoeuvres in the single target
case using jump Markov linear systems (JMLS). Methods for applying the PHD filter
to tracking scenarios with JMLS structure were first proposed in [123] and [93] for
the GM-PHD and SMC-PHD filters respectively. The former paper leaves an open
question about how to incorporate “interacting” multiple models.

As an explanation for the interest in interacting multiple models for the PHD filter
it should be noted that the interacting multiple model (IMM) filter is the de facto
algorithm of choice for dealing with manoeuvring targets in a single target context. In
the tracking literature it is deemed to be “cost effective” [78] and “very efficient” [15]
which, practically speaking, means that there is a good trade off between accuracy
and efficiency. The prevalence of IMM in single target tracking naturally leads to
questions about the relationship between the IMM methodology and the PHD filter
for multiple target tracking.

This section will address the open question, deriving the PHD filter with JMLS
manoeuvre handling (JMLS-PHD) from the point of view of interacting multiple
models without any need for assumptions on target dynamics. The filter derived is
shown to be equivalent to the existing implementation described in [90] in the linear
Gaussian case.

The resulting JMLS-PHD filter is then shown to reduce to the optimal Bayes
solution for jointly estimating target state and motion mode in the single target case
with linear and Gaussian motion and measurement models. This work is currently in
press [131].

5.2.1 JMLS-PHD Filter

Assume that there are N motion modes, denoted r; fori = 1, ..., N, and that transition

between these modes is a Markov process with transition probabilities given by
plry = ilry = j) = m7, (5.32)

where W]i’j is known.

The method for interacting the motion modes is proposed by Punithakumar et al.
(93] in the context of the SMC-PHD filter. In the IMM filter, two moments (mean
and covariance) of the single target state space are being propagated; it is these two

moments that are mixed by weighted combinations. Similarly, in the PHD filter,
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where the first moment of the evolving multitarget density is propagated, so it is
these first moments that are mixed by weighted combination.

The JMLS-PHD method is to compute a separate PHD for each motion mode.
These are mixed at the beginning of the time step, and predicted and updated ac-
cording to the relevant mode-dependent PHD equations. Thus, if the initial PHDs
at time step k — 1 are D};fl‘kfl then the mixed PHDs, ﬁzwﬁl, are:

Dypa( ZDk T ( . (5.33)

After the mixing step, the prediction and update steps for the PHDs proceed as stan-

dard mode-dependent PHD prediction and update equations [73]. This is analogous

to the standard Kalman filter prediction and update for each mode in the IMM filter.
Thus, the predicted PHD for mode r, Dy, ,, as given in (4.60) is:

Be—1(X) = k(%) + /(pE(W)fZ?m_l(XIW) + Ot (XIW)) Dy g (W)dw (5.34)

where fi, , is the single target Markov transition density, p&(x) is the probability
that a target with state x at time step £ —1 will survive to time step k, byx—1 describes
the spawning of new targets from existing ones and ~; describes the appearance of
new targets. Note that all of these processes are potentially mode-dependent.

Similarly, the updated PHD for mode r is given by:

we(X) = Fy(Zk[x) Dy (x), (5.35)
where F} is the mode-dependent multitarget likelihood given by

Ly(x)
PrLr]

Fy(Zilx) = (1 = pp(x)) + Z e +D (5.36)

k|k— 1
and where Dy, ,[h = [h(x Dy, (x)dx. Also, pjp(x) is the probability of detect-
ing a target with state x and L’ (x) is the mode-dependent single target likelihood
function and Ak(z) is the clutter density. This is a mode-dependent equivalent of the
multitarget likelihood given in (4.61).

The “total” PHD may be computed as Dy = . Dzlk‘ Unlike in IMM, no weight-

ing in this sum is necessary as PHDs are inherently weighted.

Relationship to the GM-PHD filter for JMLS of Pasha et al. (2009)

The most complete description of the Gaussian mixture PHD filter for jump Markov
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linear systems is given in Pasha et al. [90]. Prediction and update equations for the
JMLS-GM-PHD filter are derived in detail using linear, Gaussian assumptions on the
birth process, target dynamics and measurement process as well as the assumption
that individual targets follow a JMLS motion model.

Here, it is shown that the PHD prediction and update equations derived in [90] are
the linear Gaussian special case of the JMLS-PHD filter as given in (5.33)-(5.35). The
JMLS-GM-PHD filter of [90] will be denoted Dy to distinguish it from the JMLS-
PHD filter defined in (5.33)-(5.35) until it has been shown that these are equivalent.

Proposition 5.1(a): The predicted PHD computed in [90] is equivalent to Dy as
computed in (5.33)-(5.54).
Proof: The predicted PHD computed in [90] is given by

DZ\k—1(X) = Y (%) + D} ppp—1(x%) + Dj p—1-(%), (5.37)

The birth density, v}, is assumed given and

Jr—1(q)
?,k\k 1 Z Z wfklk 1 (r, N (x; @?k\k 1( 7,.q)), (5.38)
w® _ rq, (i) 539
Wy k|ke— 1(rq) P w4 (), (5.39)

Je—1(q) Jp,k(7,9)

D e ( Z Z Z wﬁ k|k (r N (x; G(ﬁi,’ifkfl(ﬁ q)), (5.40)

wgifk W(rq) = m w%k 1(7"7 q)wl(c11<Q)7 (5.41)

where @gc . (7,q), @/(B ,ifk ,(r, @) contain the means and covariances computed due to
the mode-dependent PHD prediction equation, w1(21 and w(ﬁj’;' 1 are assumed known
from the previous time step and spawning process respectively. Similarly, J;_1(g) and
Jak(r,q) are the (known) number of Gaussian components from the previous time
step and due to spawned targets respectively.

In [122] it is shown that, in the linear Gaussian case

Jr—1

/pS,k(W>fk|k—1(X|W)Dk—1|k—1(W)dw = DSk Z w N @Efk‘k D (5.42)
i=1
Ji—1 Jp.k

/bklkl(X|W)Dk1Ik 1 Zzwk 1“’,3 k|k 1 N(x; @,Bk|k 1) (5.43)
=1 j5=1

Hence it can be seen that (5.37) may be written as:
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Dl () =200+ Sy [ ps() fups(lw) DYy (whdw

+ > mi / D1 (xX[W) D}y (W)dw. (5.44)
q

By changing the order of summation and integration, it is clear that (5.44) is equiv-
alent to (5.33) and (5.34). O

Proposition 5.1(b): The PHD update computed in [90] is equivalent to Dy, as com-
puted in (5.35).
Proof: The update step in [90] is calculated directly as the mode-dependent PHD

update for each of the mode-dependent PHDs computed in the prediction step. This

is the same as (5.35) so there is nothing to prove. [

Thus, the JMLS-PHD filter which is derived using only an IMM-style mixing step and
is valid for general PHDs is shown to reduce to the carefully derived JMLS-GM-PHD

filter of [90] in the linear Gaussian case.

5.2.2 Bayes Optimality in the Single Target Case

In the single target case, as discussed in Section 2.4 there is a set of measurements
corresponding to a single target. The joint distribution for target state and motion
mode, conditioned on the measurements received, must be computed. Letting xg.
be the set of target states up to time & and similarly letting r1., and y,, be the
set of motion modes and measurements up to time k respectively, the full probability
density that must be computed is fi(Xo.x, 71.5|y1.,)- This subsection begins with some
preliminary probability results obtained by simple application of conditional proba-
bility.

Lemma 5.2:

SroXoms inly ) = fe(Xoklrie, Yioe) fo(riel y1e) (5.45)
Proof: Using conditional probability rule:

f(XO:ka T1:k, yl:k)

f(Xok, Tenlyrn) = ) (5.46)
and f(Xok|rie, yin) = f();?:f;;z;k) (5.47)
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Putting these together gives,

f(Xok, Tiklyre) = f(xoz'“m”“jf}(’;’i]; (i Y1), (5.48)

Also by conditional probability:

Friwyin) = Frealyie) (v, (5.49)

and combining (5.48) and (5.49) gives

J o, reklyin) = f(Xow|rrw Yie) F(rielyir)- O (5.50)

Note that fi(xo.x|71:k,¥1) may be computed using a standard Kalman filter and
hence only fi(r1..|y;.,) remains to be calculated.

It can be seen from (5.33)-(5.34) that in the JMLS-PHD filter there will be one
Gaussian component for each possible mode history. Therefore, it is only necessary
to show that the JMLS-PHD filter calculated weight for the Gaussian corresponding
to a particular history is equal to fx(r1.x]y,.,) for that history.

Lemma 5.3: If it is assumed that

1. Measurements are conditionally independent of one another.

2. f(relrie—1,Y15-1) = f(relrix—1) (i.e. all past dependence of ry is taken into

account by the mode history).

then:

fk(ﬁ:k’yl;k) X fk(yklrlzk)fk(rk’rlzk—l>fk(rlzk—l|Y1;k71)' (5-51)

Proof: Using the conditional probability rule:

Fralyre) = % (5.52)
and f(yk|rl:k7y1:k71) = M (5-53)

f (i, Y1:k—1)'
Putting these together gives,

f(}’k‘ﬁ:k, Y1;k—1)f(7“1:k, Yik-1)

f(riely. : 5.54
(Ml f(yix) (554
and by assumption 1, this may be written as

Frielyie) Frlre) f(rie, Y1:k—1>‘ (5.55)

f(Yix)
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Also, using conditional probability again,

f(ﬁ:ka Y1;k71) = f(Tk, T1:k—1, Y1:k71)> (5-56)
= f(rk’ﬁ:kfl, Y1;k—1)f(7“1:k71, Y1:k—1)a (5-57)

and by assumption 2 and another application of conditional probability

frie Yie—1) = FOrlrie—10) f(rie—1 Y1), (5.58)
= fOrelria-0)f(rie-1ly e ) f(Yie-1)- (5.59)

Combining (5.55) and (5.59):

Flrialye) = f(Yklrlik)f(rk’r;&l;l:gf(rltk1’y1:k—1), (5.60)

F(¥1k-1)

from which it follows that

frinlyve) oo f(yrlria) fOrelrin—) f(rie—1lyp—1)- O (5.61)

Proposition 5.4:

For a given motion mode history ry.j

Se(rielyrg) = ws

where w™* is the weight of the Gaussian component corresponding to that mode his-
tory as calculated in the JMLS-PHD filter.

Proof: The mixture weights in the JMLS-PHD update equation (equation (44) in
[90]) are:

pox(rwi_ (g (riyy)

Jrk—1(T) i 7
Mer(ye) + 3, poa(r) Stk wi (g (i v)

where pp j, is the probability of detection, Aky, is the distribution of clutter, q,(:) (r;¥%)
is the likelihood function for receiving y, given the motion mode r and w,(j&%l are the
predicted weights of the Gaussian mixture components from the previous time step.

Now, for the single target case ppr = 1, kK = 0 and since there is one mixture
component for each possible mode history, we may write w,(f) (r) as w™*. Thus, (5.62)

becomes:

T1:k—1

k|k—1 (re)q ™ (e yi)

Do Welior ()@ (s y1)

w
wrlzk —

(5.63)
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where ), is the sum over all possible mode histories, s, and is a normalising

factor.
Therefore, w™* o wZTk’“_‘f(rk)qzlik(rk;yk) but from (5.39)
Wi (1) = psw st (5.64)

It can be seen that 7™ "+-1 and w1 are equivalent to fi(rx|r1.k-1) and fx(r1.6-1|¥1.6-1)
respectively. Additionally, ¢"-1(rg|y,) is the likelihood of measurement y, condi-
tioned on the mode history ry., and hence may be written as fi(yj|r1.x). Finally, in
the single target case pg = 1.

Thus, substituting (5.64) into (5.63) gives:

W o fro(elrie) fe(relrie—1) fe(rig—1|Y1p—1) (5.65)

and the results follows from (5.51). 0.

In summary, the JMLS-PHD filter is proposed as a method for using interacting
multiple models within the PHD filter, removing the need for assumptions on target
dynamics. This method is shown to be equivalent to the JMLS-GM-PHD filter derived
by Pasha et al. [90] in the linear Gaussian case. It is also shown that in the single
target linear Gaussian case, the JMLS-PHD filter is equal to the optimal Bayesian
filter for jointly estimating the target state and motion mode. Both of these results
give some support to the use of (5.33)-(5.35) as the general PHD filter in the presence
of multiple motion models with JMLS structure. However, as with the GM-PHD
filter claims of optimality are hampered by an exponentially increasing number of
Gaussian mixture components with time. Some approximation will be necessary for
computational tractability but fortunately the methods, such as pruning and merging,
which are well-known within the context of the GM-PHD filter may be applied.

5.3 Comparison of PHD Filter with Track-Before-
Detect Methods

For real tracking applications, the full data set for a given time step typically in-
cludes an amplitude value determined for each point in the (discretised) region of
surveillance. The set of measurements used for multitarget tracking is obtained by
thresholding the amplitude data, a process known as ‘detection’. For high signal-
to-noise ratio (SNR) targets, this is an adequate strategy as there will be a high
probability of detecting any targets present and a low level of false alarms for a well

chosen threshold. On the other hand, for low SNR targets the information loss in
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thresholding may be large. It might be preferable to retain some, or in fact all, of the
information lost at the detection step.

Track-before-detect (TBD) is an alternative method to the conventional multitar-
get tracking methods discussed in Section 3.1 and is particularly used for low SNR
tracking. TBD rejects the use of a detection step and works on the full data set. It
is well known that using the full set of amplitudes in this way allows targets to be
detected more quickly [118]. There has been a recent extension of the PHD filter due
to Clark et al. [29], referred to as the SNR-PHD filter hereafter, permitting incorpo-
ration of amplitude information through the detection step. This section will show
that TBD methods are closely related to a special case of the SNR-PHD filter and

give some illustrative results for simulated data.

Track-Before-Detect
The main idea of TBD, which first appeared in [118], is the incorporation of ideas
from the sequential likelihood ratio test (see [15]) in order to permit computations of

a track score which is updated at each time step,k, by multiplication by the likelihood
ratio (LR)y:

_ p(ZelMe=1)

LR, = ————=, 5.66
“ T DZulh = 0) (500
where Z,, is the data set at time k& and ), is the random variable such that
A =1 if target present at time k, (5.67)
A =10 if no target present at time k. '

Compare this with (3.6) but note that Z; now represents the full data set for a given
time step rather than the set of detections. The general goal is to infer A\, and the
unknown target state x; at each time step k based on pixel data Z; = {z.} for

i1 =1,...,D where D is the total number of pixels.

Implementation by Salmond and Birch [105] - In [105] an equation of the same form

as (5.66) is derived by considering a formal Bayes solution to computing the joint
posterior fy (X, \i|Z") where Z¥ = {Z,, ..., Z;} the full data set at each time step.
For simplicity the presentation here concerns the special case where the target only
affects the value of one pixel, although the implementation in [105] permits more
general observation models.

The predicted density for x;,1 is given by:

Srerte (Keg 15 A1 [Xns M) = F(Kn1|Xe Aks Argr) - F( A%, Ak), (5.68)
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where f(Agi1|Xk, A\g) is determined by the target birth and death models. If Ap11 =0

then x;; is undefined. If A\ ; = 1 then

if A, = 1
e Ao 1) = 4 e (e fxe) 1A =1, (5.69)
Vi (Xkt1) if A, = 0.

where 7, is the target birth density.
The likelihood for the Bayes update with pixel data 2} is based on the model:

N 210 if target is present affecting pixel i, (5.70)
Po(-) 0.W.
It is shown in [105] that the likelihood function for the Bayes update is:
pl(zll;;) )\ _ 1
7 k -
Sri1 (Zpga [ X1, Apgn) ox g P0G i (5.71)
]_ )\k+1 == O

Implementation by Billon [13] - The implementation presented in [13] is a more straight-

forward interpretation of (5.66) applied to a passive sonar tracking problem. In order
to give extra clarity, a one dimensional simplification of the work in [13] is given.

The passive sonar data is of the form Z(f) where f represents frequency which,
like time, is discretised. It is required to infer the target state x; = fi (the rate of
change of frequency may also be required). Thus, the single target system has the
form of a hidden Markov model (HMM) as discussed in Section 2.1.3.

Fig. 5.10 gives an example of such a data set which includes one obvious target
frequency with x; = 200 for all k. Passive sonar data will be studied in more detail
in Section 6.2. In [13] a ‘track score’ is computed for each point in the discretised
frequency domain and at each time. The track score A(f;), for i = 1,,, F' (the states

in the discretised frequency space), is calculated recursively by:

\_ 21(Zea (i) 17 ,
AkJrl(fl) - p0<zk+1(fi>) ;fk+1k(f1’fj)Ak<fJ)7 (572>

where fi1)6(X|X’) comes from the forward model.

Multi-Bernoulli Implementation by Vo et al. [126]

Vo et al. [126] propose a multitarget filter for TBD applications based on a multi-
Bernoulli model which will be described briefly here. A Bernoulli random finite set,
X, with associated probability r has a probability (1—r) of being empty and a proba-
bility r of having exactly one element which is distributed according to the probability
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Figure 5.10: Example passive sonar data with one prominent target frequency.

density function p. The multi-Bernoulli model assumes that the multitarget state is
a union of a fixed number of Bernoulli random finite sets.

Using this model, a multi-Bernoulli filter is derived for a varying number of targets
in pixel data of the form described above. An SMC implementation of this filter is
also presented in [126]. In the update step of the SMC filter, the particles weights are
updated by multiplication by pi(z)/po(z) where z is the pixel data associated with
the given particle. The is a clear similarity with the particle weight update in (5.71)
although the multi-Bernoulli TBD (MB-TBD) filter is different in detail to the other
TBD filters because of the multi-Bernoulli model.

Like the TBD implementation by Salmond and Birch [105], the observation model
in the multi-Bernoulli approach permits targets which affect multiple pixels. However,
in this section only the special case of targets affecting exactly one pixel is considered.

Full details of the MB-TBD filter may be found in [126] and the performance of
the filter will be considered in Section 5.3.3.

SNR-PHD filter

The SNR-PHD approach of Clark et al. [29] is different in that it relies on the
detection step, but retains the amplitude information for each measurement. The
target state vector is then thought of as x; = [X,d] where x is the traditional target
state and d contains the parameter(s) relating to the SNR of the target. Similarly,
each measurement vector is appended with amplitude information, labelled a so that

Zp — [2, CL].
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It is assumed that the amplitude return is independent of state measurement and
so the likelihood including amplitude information, L,, and the clutter likelihood, k(z),

are given by:

Lz(X) - L2<X>La(d)7 (573)
k(z) = k(z)-k(a), (5.74)

where L,(d) and k(a) are the amplitude likelihood functions for a target with param-
eter d and clutter respectively.

Because the detection step requires only accepting measurements with amplitudes
greater than some threshold 7, it is necessary to define L] (d) and k7 (a), the amplitude

likelihood functions for target and clutter given that the threshold has been exceeded,

Lo(d) = Li(d)pp(d), (5.75)
k(a) = K (a)ppa, (5.76)
where
pD(d)T:/TOO Lqo(d)da, (5.77)
pha= [ e (579

are the probabilities of detection and false alarm, given the threshold 7, respectively.
This leads to a PHD pseudo-likelihood including amplitude information, as derived

in [22] given by:

pp(d)Lg(d)La(%)
La(x) = (L= pbldD) + 3 s e e p (@) T @ L &)

z2€Z

. (5.79)

where Dy q)y, is the predicted PHD and (f, g) is the inner product [ f(z)g(z)dz.

5.3.1 Comparison of SNR-PHD with HMM Implementation

By restricting the SNR-PHD filter to the HMM case, it will be shown that in the
special case when the threshold 7 = 0 there is a close relationship between the SNR-
PHD filter and the HMM track-before-detect (HMM-TBD) filter as given in (5.72).
First, the SNR-PHD filter for the HMM case will be derived. This requires three
things: filter initialisation, a forward step and an update step. As in the HMM-TBD

filter, it will be assumed that the initialisation of the filter is given. This will require
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the PHD to have constant value for each of the finite number of target states, denoted
{y'}i.
Dojo(y') = wpp Vi (5.80)

The predicted PHD will be prescribed by the HMM, giving the forward step:

Dyii(y') = Z Fir1e (W' 1y7) Digre () (5.81)

Note that this step of the recursion is equivalent to the last two terms in (5.72).
The update step will be the multiplication of Dy, by the PHD pseudo-likelihood

given in (5.79). But, some simplifications can be made to (5.79) in the special case

when 7 = 0. This is when the measurement corresponding to each state in the

discretised space is declared, The simplifications are:
o pp =1

e L7(d) and k7 (a) reduce to simply the likelihoods for the amplitude in the pres-
ence and absence of a target respectively. Hence, in the notation of this section,

they may be written as p;(z) and py(z).

e By assuming, without loss of generality, that the volume of each cell is unit, the

non-amplitude likelihood is:

(5.82)

1 if 2 corresponds to the state v,
0 0.W.

e r(z) = 1/Apra. Note that integrating k(z) X Appa over a region gives the
expected number of false alarms in that region. Hence, this choice reflects the
fact that when 7 = 0 it is expected that there will be a false alarm in almost

all cells.

Using the above simplifications, the PHD pseudo-likelihood may be written as
P1(Z+1 (/7))

) = i) + D) ps Zns (1)) (5:83)
and hence
i D1k (V)1 (Zgs (1))
Dy (y') = o) + Drorn@)m Z (kT 1 52) (5.84)
Dy 1)xp1
- o (5.85)

Po
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It can be seen from (5.72) that Djy1kp1/po is the result of the recursion using the
HMM-TBD method and so denoting Z~?k+1|k+1 as the result of propagating Dy, under
the HMM-TBD recursion,

Dy 1jqr

_— (5.86)
I+ Digijptr

Diyijpr1 =
Therefore, it is clear that there is a close relationship between this special case of
SNR-PHD filter and the HMM-TBD filter. This information may give a practitioner
of track-before-detect methods reason to use the PHD filter to provide an alternate
‘score function’ to the traditional TBD score function. The PHD provides some
obvious advantages over the existing score function. Firstly, the PHD is always less
than 1 and has a physical interpretation as a density of expected targets. Furthermore,
as the score can increase indefinitely, a track with high SNR for a large number of time
steps may remain a confirmed track for many time steps after it has disappeared by
virtue of having accumulated a high score while it was present. Such inconsistencies
are not a problem for the PHD filter.

Perhaps more advantageous is the ability to use the SNR-PHD filter as the basis
for a unified multitarget tracker incorporating target initialisation, track management
and association, whereas standard TBD techniques leave the multitarget aspects of
the problem unresolved and require additional heuristics, such as those described in
[13].

5.3.2 Comparison with Particle Filter Track-Before-Detect

In [105], Salmond and Birch derive prediction and update steps for a Bayesian infer-
ence taking amplitude returns into account in the case where there are either 0 or 1
targets. Their results can be re-derived in terms of the multitarget Bayes filter using
a similar derivation to that presented in Section 3.3. Thus, the Bayesian TBD filter
in [105] is equivalent to a multitarget Bayes filter. This result is proved in Appendix
B.3.

However, as the multitarget Bayes filter is not computationally tractable in gen-
eral, we also consider an SMC-PHD implementation. Due to the assumptions related
to Poisson distributions, which are necessary in the derivation of the PHD filter but
are contrary to the assumptions in [105], the two methods cannot be equivalent.
There is, however, a similarity regarding the update step in the special case where

the declaration threshold 7, is equal to zero.
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Most of the analysis in Section 5.3.2 holds here apart from a difference in the
calculation of the inner product in the denominator of the pseudo-likelihood (5.79).
Whereas for the HMM implementation the PHD was constant on each grid cell, here
the PHD has a particle representation. This means that the term (D 1k, Lzpi(2))

sum

gives pi1(z)p;
PHD in the grid cell corresponding to the measurement z.
Therefore, the particle weightings in the update step of the SMC-PHD filter de-

pend only on the measurement in their grid cell due to the assumed form on the

sum
z

where p;*™ is the sum of the weights of the particles in the predicted

likelihood function in (5.82) giving:

P1 (Ziﬂ)
Po (Z7iv+1) + pZZTlpl (Zﬁc—ﬁ—l) 7

wl,, = (5.87)
where i is the cell number that the jth particle falls in. Comparing this with (5.71) it

can be seen that there is a relationship between the update step for the two methods.

5.3.3 Illustrative Results

Single Target

Following the approach in [105] a simple tracking scenario was simulated to illustrate
the performance of the SMC implementation of the SNR-PHD filter with compari-
son to the particle filter TBD. In the first simulation, a sequence of 40 frames, each
consisting of 20x20 pixels was simulated. For each pixel corresponding to ‘no target’,
amplitudes were drawn from a Rayleigh distribution with o = 1. A target appears
at time step 10 and disappears at time step 30. Pixels corresponding to a present
target have amplitudes drawn from a Rayleigh distribution with ¢ = 2.5119 giv-
ing a 8dB SNR as calculated using equation (5) in [29]. The data is displayed in
[105] by showing six selected frames from the simulated data, but it is more clear
to see the nature of the data by viewing the full video. This can be viewed at
http://people.maus.ox.ac.uk/woodtm/8dbltarget.avi. In the author’s opinion
it is difficult to spot the target with the human eye. A set of data with 20dB SNR
was also generated to help the reader see the target if they could not spot it in the
first video: http://people.maths.ox.ac.uk/woodtm/20dbltarget.avi.

For both the track before detect filter and the SNR-PHD filter, pgp in the birth
model was set to 0.1 and pg to 0.9, the target birth density is taken to be uniform on
the surveillance region. The number of particles used was 10000 for the track before
detect filter and 10000 particles per target for the SMC-PHD filter.
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Figure 5.11: Expected number of present targets for the SNR-PHD and TBD filters.
There is a target present for frames 10-30.

Fig. 5.11 shows the expected number of targets present for both the SNR-PHD
and track before detect filters. This may be interpreted as the ‘probability that a
target is present’ for the track before detect. It is clear that the SNR-PHD filter is
more unstable and reactive to the data. This could be due to the ‘short memory’ effect
of the PHD filter as discussed in [38]. Furthermore, it is clear that the SMC-PHD
filter has a tendency to overestimate the total number of targets present. However,
in standard implementations of the PHD filter, the particles are clustered into sets of
particles representing individual targets, with an associated weight. These are then
taken to be individual possible tracks with weights subject to thresholding. This
prevents lots of low weight tentative tracks from contributing to an overestimation of
the total target number causing the overestimation seen here.

The improved clustering method as outlined in Section 5.1.2 is applied to obtain
tentative track estimates from the particle PHD representations. Track estimates
are considered “correct” and corresponding to the target if they lie within 1 pixel of
the true target pixel. Fig. 5.12 shows the expected number of targets given by the
particle TBD filter as compared with the expected number of targets corresponding
to “correct” track estimates in the SNR-PHD filter, showing a close correspondence.
If, as suggested in [105] a target is declared if it has probability greater than 0.6, then
the target would be declared for 14 out of 21 time steps for the track before detect
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filter and 13 out of 21 for SMC-PHD.

It is also interesting to note that the particle clustering techniques are beneficial
for the track before detect algorithm. The standard technique for state estimation
in the track before detect filter is an average over all of the particles. However,
some particles which do not correspond to the target, but instead to other tentative
target positions, may bias the mean away from the true target location. Using a
clustering method would prevent this. The distance of the estimate from the true
target location with and without clustering is shown in fig. 5.13. This figure shows a
significant improvement in state estimation in the particle TBD algorithm obtained
by employing techniques from the SMC-PHD filter (see Section 5.1). Thus, clustering
techniques used in PHD implementations may be a valuable addition to the particle
filter TBD toolbox.

Some final points of comparison: the mean localisation error (in pixels) for particle
TBD (after clustering) was 0.39 whereas for SNR-PHD it was 0.46. There were 2 false
declarations for SNR-PHD compared with 1 false declaration for particle TBD (where
a false declaration is a state estimate with a weight above the 0.6 threshold but more

than one pixel away from the true target pixel).
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Figure 5.12: Expected number of present targets for the SNR-PHD and track before
detect filters after clustering techniques are applied. There is a target present for
frames 10-30.
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Figure 5.13: Distance of particle TBD estimate from true target position (in pixels)
with and without the use of clustering techniques.

Multiple Targets
As an illustration of the ability of the SNR-PHD filter to work in the case with
multiple targets, a scenario was simulated with 3 targets appearing and disappearing
at different times over 60 time steps. 100 Monte Carlo simulations were run and one
instance of the video data can be viewed at
http://people.maths.ox.ac.uk/woodtm/8db3target.avi and, as previously, with
a higher SNR at
http://people.maths.ox.ac.uk/woodtm/20db3target.avi. For all tests Target 1
is present for frame numbers 10-30, target 2 for frames 20-40 and target 3 for frames
20-50.

No adjustments were made to the algorithm deployed in the single target case.

In order to help evaluate the performance of the SNR-PHD filter in multitarget
tracking scenario, an SMC implementation of the MB-TBD filter [126] was also com-
puted for comparison. The same parameters and models used in the SNR-PHD filter
as described above were used for the MB-TBD filter where possible. For target birth
in the MB-TBD filter, the model is the appearance of one target per time step with
probability 0.1. The number of particles used in the MB-TBD filter is 10000 particles

per possible target (i.e. for each independent Bernoulli random finite set).
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Fig. 5.14 shows the expected number of targets (averaged over the 100 runs) in the
vicinity of the three target locations for both the SNR-PHD filter and the MB-TBD
filter, broadly demonstrating that both filters establish tracks on all three targets.
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Figure 5.14: Expected target number for the SNR-PHD and MB-TBD filters in the
vicinity of the multiple targets and the true target number.

The average cardinality error for the SNR-PHD filter is 0.26 whereas for MB-TBD
it was 0.34. Furthermore, the SNR-PHD filter returned an average of 1.5 false alarms
over the 60 time steps of the test while the MB-TBD filter returned 2.8 false alarms
on average. These results demonstrate good performance in detecting and locating
multiple targets by the SNR-PHD filter with performance slightly better than the
established MB-TBD filter in this simple test. It should be noted however, that the
MB-TBD should be expected to demonstrate better performance in scenarios where
targets affect more than one pixel, as this cannot be modelled in the SNR-PHD filter.

In summary, an implementation of the SNR-PHD filter analogous to two contrast-
ing track-before-detect implementations is derived. For the HMM implementation, it
is shown that in the special case when the declaration threshold is set equal to zero
there is a close link between the SNR-PHD and TBD methodologies. The particle
filter implementation of TBD is shown to be equivalent to a special case of a multi-
target Bayes implementation, and there is a similarity between the update steps of
particle TBD and SNR-PHD in the special case when the declaration threshold is set

to zero. Illustrative results are given comparing the performance of particle TBD with
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SNR-PHD showing similar performance in the case where there is only one target,
but the flexibility of the SNR-PHD filter permits tracking of multiple targets with no

adjustments.

5.4 Multitarget Miss Distance and Extensions

The concept of a miss distance between a quantity and its estimated value is well-
understood and fundamental to the theory of filtering. Miss distances are taken
for granted in single target filtering systems but cannot be in multitarget systems.
Possession of a multitarget miss distance is crucial to the performance evaluation of
multitarget filters as well as parameter tuning for such filters.

There are a large number of potential measures of effectiveness of a multitarget
tracker. Blackman and Popoli [15, p. 903], for example, suggest a score calculated
by awarding points for early track declaration, track label continuity and covariance
reliability while subtracting points for false tracks or early track deletion. While such
measures help to condense all of the aspects of multitarget tracking into a single value
and hence aid comparison, a rigorously derived distance satisfying the conditions of
a metric is preferable from a mathematical point of view.

Schuhmacher et al. [107] concisely summarise the properties that a multitarget

miss distance should have as follows:
e a metric on the space of finite sets;
e have a natural (meaningful) physical interpretation;
e capture cardinality and localisation errors meaningfully;
e be easily computed.

Let X be the space of finite sets. A metric on the space of finite sets is a function

d: X x X — R which satisfies:
1. d(z,y) >0 Vx,y € X [positivity]
2. d(z,y) =0  iff x =y [identity/
3. d(z,y) =d(y,xz) Vz,y € X [symmetry]

4. d(z,y) <d(z,z)+d(y,z) Va,y,ze€ X [triangle inequality]
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For multitarget tracking purposes it will be sufficient to consider X a finite subset of
a bounded window W C R".

In this section, the existing work on multitarget metrics is summarised and a new
multitarget distance is proposed which takes track confidence information (such as
the track weights in the GM-PHD or SMC-PHD filter) into account. To see why
this is desirable, consider two filters, filter A and filter B. Both filters return one
track estimate at a point in the state space, but the filter A assigns track confidence
0.9 to the track whereas filter B assigns track confidence 0.5 (where these may be
thought of something like ‘the probability that these is a track associated with this
state estimate’). In the case where there is a target present, it is clear that the
performance of filter A is somewhat better, however in the case where there is no
target present, the performance of filter B is better. A metric which does not take
target confidence information into account effectively states that the performance of
both filters is identical in both cases.

It is shown that the proposed multitarget distance including track confidence

satisfies the conditions of a metric.

5.4.1 Existing Multitarget Distance Metrics

A first candidate for a finite set metric is the Hausdorff metric, dy defined for X,Y €
X
dy(X,Y) = max { max min d(z, y), maxmin d(z, y) } . (5.88)

zeX yey yeYy zeX

It is observed in [49] that the Hausdorff metric is insensitive to cardinality differences,
which makes it unsuitable as a multitarget miss distance.

Hoffman and Mahler [49] proposed a new metric for finite sets based on the p-th
order Wasserstein metric between the empirical distributions of the point patterns

for X = {xy, ...z} and Y = {y1, ..., yn} given by:
dp(X,Y) = min ( DN Cigd(iy)P) (5.89)
i=1 j=1

Here, d(z,y) is a distance metric in the underlying space (typically a Euclidean dis-
tance) and the minimum is taken over all m x n transportation matrices, C; ;. An

m X n matrix is a transportation matrix if its entries are non-negative and if

& 1 3 1
E 1 Ci,j = E VZ, Cz’,j = E VJ (590)
j:

j=1
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Optimal Sub-pattern Assignment (OSPA) Metric

Schuhmacher et al. [107] subsequently demonstrated inconsistency within the Hoffman-
Mabhler metric particularly in the handling of cardinality error by the metric. Using a
similar construction, also based on the p-th order Wasserstein metric, they introduced
the optimal sub-pattern assignment (OSPA) metric. The OSPA metric eliminates the
inconsistencies within the Mahler-Hoffman metric and results in a metric with a more
natural physical interpretation of the handling of localisation and cardinality errors.

Define

d(z,y) = min(c,d(z,y)), (5.91)

where d(z,y) is a metric in the underlying space. d°(x,y) may be interpreted as the
distance between x and y cut off at ¢. Let X = {z1,...,z}, Y = {v1,...,yn} and
IL,,,., be the set of maps 7 : {1,...,m} — {1,...,n} where m <n. The OSPA metric,
d;(X,Y) is defined as:

C 1 : S C P
d(X,Y) = (E (Wgﬂln Zl d°(s, Yr(a))! + (0 — m))) : (5.92)
if m <nand di(X,Y) = d;(Y, X) is m > n. If m =n = 0 the distance is set to zero.
The fact that d;(X ,Y') is a metric is not obvious from inspection, but is proved in
the appendix of [107].

The interpretation of the OSPA metric becomes clear when one considers the

method for computing it:
1. Calculate d°(x,y)P for each pair of points x € X and y € Y.

2. Compute the optimal assignment using, for example, an auction algorithm (see
12]).

3. Add the total distance from the optimal assignment to ¢®(n —m).
4. Multiply by 1/n and take the pth root

From this, it is clear that the OSPA metric is composed of an optimal localisation
error added to a cardinality error. Furthermore, the penalisation for each increment
to the cardinality error is equal to the maximum value of the distance metric d°(x, y)P.
Therefore, the parameter ¢ corresponds to the value of localisation distance equiv-
alent to each unit of cardinality error. The parameter p corresponds to how much

outliers are penalised much like in a Euclidean L, norm. The parameters c and p may
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be chosen to determine the relative importance of localisation and cardinality errors
and of outliers as required for the tracking scenario. Larger values of ¢ place a higher
weighting on cardinality errors and lower values place a higher weight on localisation

eITrors.

OSPA Metric for Tracks

Ristic et al. [97] describe an adaptation of the OSPA metric to include tracks. The
distinction between a multitarget state and a multitarget track is that the track car-
ries a label permitting the continuous monitoring of trajectories due to single targets.
Tracks which carry a label continuously are preferred and so a switch of track label or
an incorrect assignment of track label should be penalised by a higher metric value.
This is achieved by introducing an extra component into the single-target metric d.
in the case of an incorrect track label. The resulting metric is shown in [97] to have

a good correspondence with intuition for multitarget tracking errors.

5.4.2 Multitarget Miss Distance with Target Weights

As discussed in Section 4.2, the PHD filter outputs tracks with associated weights.
Similarly, the MHT filter discussed in Section 3.1.2 also includes weights associated
with tracks while the track management methods described in Section 3.1.3 also
associate a level of confidence with each track. These levels of confidence that each
track corresponds to a true target will be referred to generically as ‘track weights’
throughout this section.

The track weights, as well as track locations, are obviously relevant to the per-
formance of a filter. For example, a filter with higher track weights corresponding to
its correct track estimates and lower track weights corresponding to false alarms is a
better filter than one with equal weightings for each.

Track weights can only taken into account in the OSPA metric by a thresholding
process which declares only those tracks which have weights above a threshold, 7.
Those tracks with weights above the threshold are implicitly declared as “full confi-
dence” tracks whereas those below the threshold are not tracks at all. This can lead to
a certain form of inconsistency within the OSPA metric. To see this, consider making
a small variation in the model probability of detection parameter pp within a PHD
filter. A small change in this parameter can result in a small change in the weight
associated with a given track. If this small change in weight moves the track over the
threshold, 7, it will lead to a large change in the OSPA miss distance for the filter
output. This observation does not challenge the fact that OSPA is a metric. OSPA is
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a metric over the space of finite sets, not multitarget filters. However, from the point
of view of performance analysis a metric which alleviated this inconsistency might be
preferable. As a further example, consider a filter which declares a number of false
alarms each with weight 0.245. Changing the threshold from 0.25 to 0.24 would lead
to a large change in the OSPA metric, so the choice of threshold itself may have a
large impact on the performance analysis of a filter, which is also undesirable.

A distance metric which takes target weights into account in order to alleviate

these problems should have the following properties:
e a metric on the space of finite sets including weights;
e higher weight “true tracks” are better (i.e. lead to lower distances);
e lower weight “false tracks” are better;
e cquivalent to OSPA when all weights are 1.

In this section, a distance metric satisfying the above properties will be proposed.
The distance will be defined between two sets with weights, X and Y where | X| =1,
Y| = m and

X ={(z1,w1), ..., (2, u) } = {x1, ..., x1}, (5.93)
Y = {(yhvl)v"'?(ymavm)}: {Y17"”Ym}' (594)

Note that u; is the weight associated with the state x; and so on. Note that the nota-
tional convention used is that target states with associated weight are bold whereas

conventional target states (i.e. without weights) are not bold.

Simple Incorporation of Weight Into Single Target Distance
Following the approach of Ristic et al. [97] the track weight error will be incorporated

into the base distance. Let:

~

d(x,y) =d(z,y) + alu — v, (5.95)

where a may be chosen to determine how important weight errors are compared
to localisation errors. This distance with weights errors included obviously satisfies

the positivity, identity and symmetry conditions for a metric. To show that it also
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satisfies the triangle inequality, let z = (z, w).

~

dx,y) = d(z,y)+ aju— | (5.96)
< d(z,z)+d(y, 2) + o(jlu —w| + |[v —w|) (5.97)
= (A, 2) + alu— w]) + (d(y, 2) + alv — w]) (5.98)
= d(x,z) +d(y,z). (5.99)

Therefore d is a metric and using d as the base metric in the OSPA metric will give
a multitarget metric which takes into account differences in track weight.

When using the metric for performance evaluation of filters, the track weights in
the known ground truth will all be set to 1. Therefore, using d as the base metric will
mean that higher weight true tracks are better, as required. This satisfies the first
three conditions required for a multitarget metric with track confidence but there is
no obvious mechanism to allow for the converse: the preference for lower weight false

tracks.

Alternative Base Distance Incorporating Track Weight
An alternative base distance will be introduced which allows a natural extension to a
multitarget metric incorporating target weight and satisfying the criteria listed earlier

in this section. The distance is given by:

d.(x,y) = min(u, v)d.(x,y) + alu — v|. (5.100)

While d obviously satisfies positivity and symmetry and x = y = J(m,y) =0 it is
possible to have d = 0 for distinct z and y if u = v = 0. Technically, this means
that d is at best a pseudo-metric [113]. This will not be important in practise as
tracks with zero confidence would not be declared by a practical multitarget filter.
Furthermore, it could be argued that the locations of zero weight tracks is irrelevant,
thus any two points with weight zero might reasonably be taken to be non-distinct.
In order to show that d is in fact a (pseudo)metric, the triangle inequality must be
shown for x = (z,u),y = (y,v),z = (2, w).

Proof of triangle inequality for d.:

Assume w.l.o.g. that v > v and consider two distinct cases: i) w is the smallest

weight. ii) w is not the smallest weight.

Case i)
do(x,y) = wdo(z,y) + a(u—w+w—v) (5.101)
= vd.(z,y) + alu —w| — alv — w| (5.102)
= vde(z,y) — 2alv — w| + alu —w| + alv —w|. (5.103)
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Now, it is necessary to assume that o > ¢/2 which gives:

d.(z,y) < 2a, (5.104)
= (v—w)d.(z,y) < 2a(v—w), (5.105)
= vd.(z,y) — 2alv —w| < wd(z,y). (5.106)
Substituting this result into (5.103) gives:
de(x,y) < wdo(z,y) + alu — w| + alv — w| (5.107)
<wd.(z, z) + wd.(y, z) + alu — w| + alv — w| (5.108)
= min(u, w)d.(z, z) + a|u — w| + min(v, w)d.(y, z) + alv —w|  (5.109)
= CZC(X, Z) +dc(yaz)' (5110)

Proving the triangle inequality for case ii) is easier:

d.(x,y) < min(u,v)(d.(z, 2) + dc(y, 2)) + a(|lu — w| + |[v — w|) (5.111)
= min(u, v, w)(dc(z, 2) + d.(y, 2)) + a(jJu — w| + |[v — w|) (5.112)
< min(u, w)de(x, 2) + min(v, w)d.(y, 2)) + a(ju —w| + |[v —w|)  (5.113)
= d.(x,2) + d.(y,z). O (5.114)

So d, is a (pseudo)metric for o > ¢/2.

The distance d.. may be interpreted as the sum of a localisation error and a weight
error (which may be regarded as a form of cardinality error). Localisation error are
penalised at the “localisation error rate” as far as the weights match up while the
mismatch is charged at the “cardinality error rate”, a. The restriction on « ensures
that cardinality errors are penalised at a sufficiently high rate.

For example, consider a track with weight p being compared to a true target in
a known ground truth. As true targets must have weight equal to one, the distance
d, will be px‘localisation error’ +(1 — p) x c. In order to ensure that higher weight
matches to true tracks are preferred by d,, it will be necessary to impose the stricter

condition of o > ¢.

Multitarget Distance

The inclusion of a distinction between localisation and cardinality errors in the base
distance suggests a method for calculating a multitarget distance with cardinality
errors handled using track weights according to the criteria listed at the beginning
of this section. Schuhmacher et al. [107] remark that the cardinality error in OSPA
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may be considered as “filling up the point pattern X, which has smaller cardinality
[ with m — [ ‘dummy points’ located at distance > ¢ from any points in Y”. Their
proof that OSPA is a metric uses this construction.

Following this approach, consider filling X, the set with smaller cardinality, with
dummy points with weight zero (making their location irrelevant). Denoting such a
dummy point s, it can be seen from (5.100) that d(y,,s) = aw; for any y, € Y. This
suggests the following definition for a multitarget distance:

I
D.(X,Y)=min Y d(x;, V(i) + @ Z v;, (5.115)

well <
i=1 JEQ

for | X| < |Y] and D.(X,Y) = D.(Y,X) for |X| > |Y|. The minimisation is over
I1, the set of association hypotheses IT : {1,...,i} — {1,...,m} and Q = {j : 7(i) #
i Vil

Some properties of this multitarget distance metric include:

e Higher weight “true tracks” are preferred. This is taken into account in d. as

described above.

e False (unmatched) tracks are penalised at a rate proportional to their weight,
so lower weight false tracks are preferred. Note that unmatched “true tracks”
or missed tracks are also penalised by their weight, which is equal to one, so

missed tracks are always penalised at the full rate.

e In the case when all weights are equal to one and a = ¢ the above metric clearly
reduces to the Ly version of the OSPA metric (without the factor of 1/m).

Hence, the only property of the multitarget distance which remains to be shown is

that it is a metric.

Proof that DC is a Metric

Firstly, it will be checked that the process of adding dummy points cannot cause
inconsistencies by changing the optimal assignment within the metric. Let X =
{(z,u)},Y = {(y,v)}, X' = {(z,u),s} and Y’ = {(y,v),t} where s,t are dummy
points. The distance between two dummy points is zero, so for consistency it is re-
quired that D.(X,Y) = D.(X’,Y’). In order to show this, it must be demonstrated
that:

do(z,y) < d.(z,t) + d.(s,y), (5.116)
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from which it follows that the assignment of x to y and s to ¢ is the optimal one and
hence D,(X,Y) = D.(X",Y").

Proof of (5.116):

de(z,y) = min(u,v)dc(z,y) + a|u — | (5.117)
= min(u,v)(d.(z,y) — o) + amax(u,v) (5.118)
< min(u,v)(2c — o) + amax(u, v) (5.119)
= au+av (5.120)
= do(z,t) + do(s,), (5.121)

where (5.119) uses a > ¢/2. [.
Positivity, identity (allowing for equality of all zero weight tracks) and symmetry
of D, are obvious, so all that remains to be shown is that D, satisfies the triangle

inequality.

Proof of triangle inequality for D,:

Let
X ={(z1,u1), ..., (x,w) } = {x1,....,x1}, (5.122)
Y = {(y1,v1)s oo (U, 00} = {¥1s o Y (5.123)
Z ={(z1,w1), vy (Zn, wp) } = {21, .., 20} (5.124)

with [ < m w.l.o.g. First consider the case where [ < m < n.

Let S = {s;}}=] and T = {t;}'-™ be sets of zero weight dummy points, and
append these to the end of X and Y respectively so that each set (including the
dummy points) has cardinality n.

Also let m = arg mlnp S de(x, Yo@)) 0 =argmin, » 1, de(Xi, Zp))

T =argmin, y ., d.(y;,Zp)). Now,

D(X,Y) = ) de(xi, Y1) (5.125)
< ch(xi, Zo(i)) + dc(yT(U(i))a Zo(i)) (5.126)

The proof for the case where [,n < m is almost identical. [J
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Chapter 6

Multitarget Tracking: Applications

6.1 Active Sonar Data with Synthetic Target

A set of active sonar data has been made available by Thales Underwater Systems.
The dataset contains no targets but does feature dense, locally structured clutter
with amplitude information. The aim of this section will be to inject a simulated
target into the real active sonar data in order to gain indicative results about the
performance of the multitarget filters described in Chapters 4 and 5 in active sonar
data.

In the dataset, for each time step there are around 1000 detections, each corre-
sponding to a local maximum of signal amplitude in range-bearing, or (r,6), space.
Fig. 6.1 shows the detections for a single time step. Note that due to the confidential
nature of the data displayed, the axis labelling has been suppressed for several of the
figures in this section. It can be seen that the clutter is not uniformly distributed
in the region of surveillance but is instead denser near the origin, which is in the
middle of the bottom of the figure. Each detection has an associated amplitude. Fig.
6.2 shows an estimate of the probability density of the amplitudes in the sonar data
calculated using kernel density estimation with Gaussian kernels using Silverman’s
rule of thumb to calculate the bandwidth [19]. It can be seen from fig. 6.2 that the
distribution of the amplitudes has a fat tail.

The results presented aim to provide answers to the following questions:

e [s it possible to track targets through the densest clutter using the GM-PHD
filter?

e How do the results compare to a “first attempt” ad hoc method?

e Can using the target amplitudes within the GM-PHD filter in the manner de-

scribed in Section 5.3 improve performance for high /low SNR targets?
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Figure 6.1: The locations of the detections in one time step of the active sonar data.

Simulation Details

As discussed in Section 5.3, for data with amplitude information a common technique
is to threshold based on amplitude before applying a multitarget tracker. The choice
of threshold will depend on the amplitude values expected for a true target. For a
‘loud’ target with high amplitude values it will be possible to choose a high threshold.
This will eliminate many of the clutter detections without risking missed detections
of the target. On the other hand, for a ‘quiet’ target with low amplitude values, a
low threshold must be chosen in order to ensure detection of the target.

The amplitudes of the simulated targets will be restricted to being drawn from
Rayleigh distributions with parameter o, which is a standard simple model for target
amplitude returns [66]. Various choices of the parameter o will be used. The threshold
will be selected to ensure that the probability of detecting the simulated target, pp,
is equal to 0.95. The trajectory, shown alongside combined clutter for all time steps
is shown in fig. 6.3. The trajectory begins in an area of moderate clutter, enters the
region of densest clutter and performs a change of course in the middle. The simulated
target measurements of r and 6 are made, these being corrupted with white Gaussian
noise with magnitude equivalent to that reported in the active sonar data.

Tracking will be attempted using a standard GM-PHD filter as described in Sec-
tion 4.2 (using the EKF implementation as the measurements are (r,6) ). A Gaussian
mixture implementation of the SNR-PHD filter discussed in Section 5.3 will also be
used. Finally, a global nearest neighbour filter with ‘M out of N’ track maintenance
scheme as described in Section 3.1 will be employed as a dummy ‘first attempt’ solu-

tion to verify that the tracking scenarios are non-trivial.
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Figure 6.2: Probability density for the amplitudes in active sonar data

Amplitude Distributions

The values of ¢ used will be o = 150, 30, 10, 5 referred to as ‘very high’, ‘high’, ‘mod-
erate’ and ‘low” SNR respectively. In order to give some meaning to these labels
consider the standard definition of signal to noise ratio in the decibel scale, SN Ryp

(see, for example [92]):

Asi na Asi na
SNRan = 101ogyy (522)° = 20logy, (5724), (6.1)

where Agigna and A, are the root mean squares of the amplitude of the signal
(i.e. the simulated target) and the noise (i.e. the active sonar clutter) respectively.
Apoise can be calculated directly from the data whereas Ag;gnq can be estimated by
generating a large number of realisations from Rayl(c). Table 6.1 shows the SN R,z
for each of the simulated targets. Note that the fat tail visible in fig. 6.2 skews A,,o;se
upward in the root mean square. Thus, the ‘adjusted SN Ryp’ listed in Table 6.1 is
calculated using only those amplitude values of the clutter below the 0.1 percentile
of the corresponding Rayleigh distribution. Above this point, clutter points have
amplitude too high to be target-related, which is counter-intuitive for a signal-to-
noise ratio calculation, so ignoring them gives a more reasonable SN R;p value. The
adjusted values are presented here to avoid giving misleading values of SNR.

The discussion above raises an issue with the widespread use of SNR to charac-
terise the difficulty of a tracking scenario: there are many cases where SNR gives a

misleading characterisation of this difficulty. In the example here, a fat tail on the
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Figure 6.3: Simulated trajectory (red) overlayed onto active sonar clutter (blue).

noise distributions makes the raw SNR values misleading. Another example could
be where the amplitude for a target is known with high confidence to within a small
number of values so that most noise detections could be immediately rejected. The

target in this case may not be ‘high SNR’ but the tracking scenario would be relatively

easy.
o | SNRyp | Adjusted SN Ryp

150 | 22.4dB 24.9dB

30 8.4dB 15.6dB

10| -1.2dB 9.4dB

5| -7.2dB 5.0dB

Table 6.1: Signal to noise ratio (decibel scale) for the simulated targets.

Another relevant concept is the receiver operating characteristic, or ROC curve
which plots the probability of detecting the target, pp against the probability of
declaring a false alarm, pp4 over the range of possible thresholds. Figure 6.4 illustrates
the concept. The dotted black line is pp against pra in the case where proportion
p of the data points are chosen randomly for p € [0,1]. In this case pp = p and
pra = p. As this method can almost always be improved upon, all ROC curves
should lie above the dotted line. The closer to the ‘perfect’ data case, indicated by
the dotted red line, in which all detections can be made without any risk of false
alarms, the better. Figure 6.5 shows the ROC curve for each of the targets which

illustrates the increasing difficulty of the scenarios.
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Figure 6.4: Example illustrating the concept of a ROC curve. The dotted black line
corresponds to guessing blindly which detections to declare. The dotted red line is
only possible where the data is ‘perfect’. All other ROC curves must lie between
these two.
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Figure 6.5: ROC curves for the four simulated targets.
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Very High SNR (o = 150)

Fig. 6.6 shows the output of the GNN, GM-PHD and SNR-GM-PHD filters along
with all of the detections with amplitudes greater than the threshold. All of the filters
are able to identify the target, though the GNN declares several false targets in the
denser region of clutter. The GM-PHD filter also declares an additional track which
the SNR-GM-PHD filter rules out as being a true target.

High SNR (o = 30)

The results for the high SNR target are shown in fig. 6.7. It can be seen that even for
this high SNR target, the level of false detections passing the threshold overwhelms
the GNN filter. It can also be seen that the SNR-GM-PHD filter is able to declare

the target earlier while declaring fewer false alarms.

Moderate SNR (o = 10)

Fig. 6.8 shows the results for the moderate SNR target. Both the GM-PHD filter
and SNR-GM-PHD filter are able to identify the target without declaring any false
alarms, the SNR-GM-PHD filter doing so more quickly and consistently. The missing
detections in the middle of the track, visible in fig. 6.8(b),(c), are due to the target
falling below the declaration threshold within the (SNR)-GM-PHD filter. A realistic
tracking system might wish to ‘hold onto’ established tracks and hence apply a more
lenient declaration threshold to established high confidence tracks. Applying a simple
version of such an approach to the SNR-GM-PHD filter permits the recovery of an

uninterrupted track as shown in fig. 6.8(d) for no significant extra computational cost.

Low SNR (0 =5)

Finally, fig. 6.9 shows the tracks for the low SNR target. The GM-PHD filter without
amplitude information is unable to track targets with Rayleigh parameters much less
than o0 = 10 whereas SNR-GM-PHD is able to track down to o = 5 although it takes
10 time steps to locate the target at this level. As for the moderate SNR level test,
fig. 6.9(c) shows the effect of employing a simple track label dependent declaration

criteria.

Conclusions
These tests demonstrate that using the SNR-GM-PHD filter permits the tracking of
low SNR targets in real active sonar data without significant levels of false target

declarations. There is a significant improvement in performance compared with not
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Figure 6.6: Results for tracking a very high SNR (¢ = 150) target.
(a) All detections passing threshold.

(b) Tracks from GNN.

(¢) Tracks from GM-PHD

(d) Tracks from SNR-GM-PHD
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Figure 6.7: Results for tracking a high SNR (o = 30) target.
(a) All detections passing threshold.

(b) Tracks from GNN.

(c) Tracks from GM-PHD

(d) Tracks from SNR-GM-PHD
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Figure 6.8: Results for tracking a moderate SNR (o = 10) target.

(a) All detections passing threshold.

(b) Tracks from GM-PHD.

(c) Tracks from SNR-GM-PHD

(d) Tracks from SNR-GM-PHD with label dependent declaration criteria.
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Figure 6.9: Results for tracking a low SNR (¢ = 5) target.

(a) All detections passing threshold.

(b) Tracks from SNR-GM-PHD

(c) Tracks from SNR-GM-PHD with label dependent declaration criteria.
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only the ‘first attempt’ solution but also with the standard GM-PHD filter. This pro-
vides evidence that taking SNR information into account directly in the multitarget
filter could aid the tracking of quiet or stealthy targets. For an in-depth performance
comparison of the GM-PHD filter with other tracking methods see Section 6.4.
Although the results presented here have been for a simulated target, comparable

performance has been achieved for tracking in active sonar data with real targets.

6.2 Passive Sonar

Passive sonar involves listening to, without transmitting, acoustic signals in order to
detect other vessels. The goal is to identify the audio spectrum of any vessels present
(localisation will not be considered). This audio spectrum is comprised of important
frequencies (or tones) which correspond to, for example, rotating machinery in the
engine of the detected vessel. It is hoped that automatic detection and monitoring
of the tones present in the signal will ease the workload of the operator and could
potentially aid target classification.

Passive sonar data in its raw form is a sound wave. Throughout this section,
the representation of this data in the time-frequency domain is considered. This
representation of the data is achieved by taking a spectrogram (see, for example, [84,
pp. 713-718]). This involves splitting the time-series up into smaller time windows
and calculating the FF'T for each window, and hence estimating the spectrum at each
time step. This section will be an exposition of a new method for processing passive
sonar data in the time-frequency domain. This new method was first presented in
[135]. The author’s contribution to this jointly authored paper is outlined in Section
1.4.1.

Firstly, a pre-processing step is introduced in order to denoise the data to enable
easier detection of tones. The relevant techniques are the Radon transform and
wavelet denoising.

The second step is the extraction and monitoring of tones present in the signal.
The number of tones present together with their frequencies, which may not be con-
stant, must be jointly determined from the set of potential detections returned from
the data. The data may include some combination of: unpredictable tone shifts,
appearance and disappearance of tones, missed detections of tones, false detections,
imprecision in the frequency values detected for tones and crossing tones. Due to
these factors, extraction and monitoring is non-trivial and is formulated here as a

multitarget tracking problem in the frequency-frequency rate domain.
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6.2.1 Pre-Processing

The aim of the pre-processing step is to denoise the data to allow accurate extrac-
tion of potential detected tones. This process is aided by two linear transformations,
the Radon and wavelet transforms, motivated by the idea that separation of signal
from noise will be easier in the transform domain. The denoising process consists of
transforming the data, denoising the data in the transform domain and then invert-
ing the transform. An optimal solution to this filtering problem would integrate the
detection of tones with the Bayes filter using appropriate models for noise and signal
characteristics rather than exploit these in a separate pre-processing step. However,
the use of a heuristic such as a denoising step will not always degrade results and

may be valuable in reducing the required computation.

Radon Transform
Let f be a continuous function vanishing outside of a disc in R?. The Radon transform
(68, pp.42-45], denoted Rf, and defined on the set of lines in R?, is given by:

RI(L) = / f(2)do (z) (6.2)

where the integration is performed with respect to the arclength measure do(x) on the
line L. Stated concisely, the Radon transform of a function evaluated on a particular
line is the integral of the function along that line. Thus, the Radon transform has
large values for lines along which the function has high values. Put differently, the
Radon transform has high values for lines which are prominent in the data. Applying a
Radon transform to the data exploits the fact that tones are generally approximately
straight lines in frequency-time space. As a result, the signal energy will be more
concentrated in the Radon transform domain whereas noise should not be, making
separation of signal and noise easier. Some examples are presented below.

It should be noted that previous work by Sun and Willett [114] considered use of
the Hough transform, which is closely related to the Radon transform, for detecting
tones in passive data. The key difference is that the Radon transform permits use of
amplitude information whereas the Hough transform is discrete and forces threshold-
ing first. Use of the Radon transform might be considered a natural extension of the

previous work using the Hough transform.
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Wavelet Transform

A wavelet basis is chosen for the data, with the basis divided into levels represent-
ing different scales of detail. FElements of the wavelet basis which correspond to
smaller scale detail are then subject to thresholding. This is analogous to expressing
a function in terms of its Fourier series and then thresholding the higher frequency
coefficients to remove high frequency noise. The wavelet basis used is ‘sym4’. The
method for choosing threshold levels is given in [35]. ‘A Wavelet Tour of Signal Pro-

cessing’ [77] is a good general purpose reference book for this subject.

Examples of Pre-Processing for Simple Simulated Data

Two examples will be presented; the first demonstrates the advantage of employ-
ing the Radon transform and wavelet denoising (Radon+wavelets) as compared to
only using wavelet denoising. The second example shows that the Radon transform

together with a less sophisticated thresholding method will run into problems.

time

requency '

Figure 6.10: Raw simulated passive sonar data with two constant tones plus noise

For the first example, fig. 6.10 shows two constant tones in the presence of additive
white Gaussian noise. This data is denoised in two ways; firstly, using the Radon
transform followed by wavelet denoising (and finally an inverse Radon transform)
and secondly, using only wavelet denoising.

Fig. 6.11 shows the Radon transform of the raw data. The two lines visible in the
raw data are now represented by two points in the radon transform domain with angle
of projection 0/180 degrees due to the vertical slopes of the lines in the frequency

time domain. Viewing the data in both the standard and Radon domains (as in fig.
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Figure 6.11: Radon transform of data shown in fig. 6.10

6.10 and fig. 6.11 respectively), it becomes clear that separating signal from noise
might be easier in the latter domain.

In this example the signal to noise ratio (SNR) in the decibel scale, as defined in
equation (6.1), for the original data was 2.8dB. After processing using only wavelets
this had increased to 4.4dB, but after processing with Radon+wavelets there was a
more substantial increase to 15.4dB. This simple example demonstrates the benefit
of using both Radon and wavelet transforms.

A more complicated example is shown in fig. 6.12. Here, there are four tones;
two of them shifting, one constant and one unstable (this is the wavering tone third
from the left). In this example, we compare the results of Radon+wavelets against a
method using the Radon transform with naive thresholding, rather than with wavelet
thresholding, in order to ascertain if wavelets are necessary at all.

Fig. 6.13 shows the output of the Radon transform with naive thresholding.
This method is not able to pick up some wrinkles of important detail, such as the
briefly present tone on the far right. Furthermore, if a line is present for part of
the image, the Radon transform with naive thresholding tends to declare this line
for the whole image, resulting in artefacts. By contrast, fig. 6.14 shows the output
of Radon+wavelets in which there is a perceptible improvement in the image with
respect to the contrast of the tones against the noise.

From these preliminary results, we expect the best pre-processing to be due to the

use of both Radon and wavelet transforms. This claim will be tested on less simplistic

145



time

frequency

Figure 6.12: Raw data with four important frequencies plus noise

time

frequency

Figure 6.13: Data from Fig. 6.12 after Radon transform and naive thresholding
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Figure 6.14: Data from Fig. 6.12 after Radon and wavelet denoising
data in Section 6.2.3.

6.2.2 Tone Tracking

After pre-processing the data, the aim is to establish, at each time step, how many
tones are present in the data and the frequency of each tone. Associations between
frequencies at different time steps are also required to enable, for example, detection
of Doppler shifts.

Potential detections for tones are extracted from the processed data. Despite the
denoising step, there are still likely to be some imperfections. Some features of the

problem include:

e Uncertain dynamics of true tones (as frequencies may unexpectedly shift due

to Doppler or engine effects).

e Possible appearance or disappearance of tones as vessels come into or out of

range.

e Missed detections of true tones due to imperfection of data or other factors,
such as the Lloyd’s mirror effect which is caused by constructive and destructive
interference between sound waves propagating by the direct path and reflected

paths.

e False detections (possibly many more of these than detections of true tones).
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e Imprecise frequency measurements for the detected tones (due to imprecision

in equipment, diffuse tones, problems with Fourier transforms on noisy signal).

The problem is formulated as a multitarget tracking problem using the framework of
FISST as presented in Chapter 3. Let X, be the set of tones present at time step k,
Z. be the set of detections at that time step. Thus,

Xe = {x, . xMy (6.3)
Zy = {zl(vl),...,z,(gN’“)}, (6.4)
= (1) 5 (6.5)

where f,gj ) and f,gj ) are the frequency and frequency rate of tone x§j ) and M., Ny are
the number of tones and detections at time k respectively.

The forward and measurement models for the random finite sets X} and Z;, follow
(3.11) and (3.12) respectively. The following further assumptions are made in order
to permit use of the GM-PHD filter:

e The probability density for the state x at time k + 1 for a target which had

state x” at time k is

ferp(x|x") = N(x; Fix', Q) (6.6)
where

1 dt a3 Ld?

= — |3 2
and dt is the time step in the data. These represent “straight line motion” and
“white noise” respectively as outlined in the single target case in Section 2.2.

e The probability of target survival, pg is known and is constant.

e There is no spawning (i.e. tones cannot split or give rise to new tones).

e The number of birth targets is Poisson distributed with mean pg and the target

birth density is constant with an appropriate Gaussian sum approximation.
e A target with state x generates a measurement z with likelihood
L,(x) = N(z; Hix, 0?), (6.8)
where
H,=1[1 0], (6.9)

and o is the standard deviation of frequency measurement error.
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e The probability of detecting a target, pp, is known and is constant.

e The number of false alarms is Poisson distributed with mean )\ and the false

alarm density, x is constant.

The advantage of using multitarget tracking methods in this context is that it enables
incorporation of available information about the data in the form of explicit statistical
models for all of the relevant phenomena. Tracking methods are robust to noise
in the data and the set of tracks returned is a concise expression of the important
information contained in the original data. As an example, fig. 6.15 shows the output
of the GM-PHD filter for the data from fig. 6.12.

time

frequency

Figure 6.15: Frequency tracks extracted from the data shown in fig. 6.12 using the
GM-PHD filter.

6.2.3 Results

The new method was tested on two sets of data. The first is a test scenario designed
for the performance assessment of existing algorithms made available by Thales Un-
derwater Systems. The scenario includes many aspects which might be present in

real passive sonar data including:
e Doppler and non-Doppler related frequency shifts.

e Crossing tones.
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e Intermittently fading contacts.
e Unstable tones.
e Diffuse tones.

The scenario is based on a target trajectory hence the Doppler shifts will be repre-
sentative of an actual target motion. The crossing of tones is achieved by ensuring
that a tone with a non-Doppler related shift crosses a tone which is Doppler related.
For example, speed changes will cause an engine related tone to undergo significant
changes in frequency. Such frequency changes could cause some of the tones from the
same vessel, but from a different source within that vessel, to cross.

The raw data is shown in fig. 6.16 and the data after pre-processing is shown
in fig. 6.17 for comparison. Tones that are visible but varying in strength in the
raw data become more consistent after pre-processing, while other tones that were
difficult to detect by sight become more pronounced. It can also be seen that noise
level has generally been reduced though the Lloyd’s mirror effect in the top left corner
of the image is still visible.

The second set of data is taken for a real passive sonar recording of a Diesel en-
gine. The raw data is shown in fig. 6.18 and the pre-processed data in fig. 6.19.
In contrast with the first example, the noise in this data is less uniform making this
a more realistic test of the method. Fig. 6.19 shows that the strong noise on the
right hand side of the image is not eliminated by pre-processing. However, overall
the denoising has been successful and many tones not visible in the raw data become

apparent despite the remaining noise.

Effect of Pre-Processing Step

As discussed in Section 6.2.1, the process of extracting detections of tones from the
data may be expected to lead to false detections as well as missed detections of real
tones. The levels of both false detections and missed detections are monitored as a
test of the effectiveness of the pre-processing techniques. For the test, a subset of
the data from fig. 6.16 was chosen, and the true tones present were identified man-
ually. Detections were extracted using various thresholds and the proportion of true
tones correctly reported was recorded along with the level of false detections for each
threshold. This test was repeated for three cases: i) raw data, ii) wavelet thresholding
and iii) Radon+wavelet thresholding. The results were used to measure the trade off

between the probability of missing true tones and the probability of detecting false
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Figure 6.16: Simulated Test Scenario
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Figure 6.17: Simulated Test Scenario after pre-processing
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Figure 6.18: Diesel engine passive data
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Figure 6.19: Diesel engine data after pre-processing
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ones in each case. This trade off between probability of detection and probability of
false alarm is closely linked to the idea of receiver operating characteristics (ROC) as
described in more detail in Section 6.1.

Fig. 6.20 shows this trade-off and is analogous to a ROC curve. It shows that a
significant improvement in the level of false detections for any probability of detection
required can be achieved by using Radon+wavelet pre-processing. The results also

confirm the superiority of Radon+wavelets as opposed to wavelets alone.
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Figure 6.20: Average level of false alarms vs probability of detection for various pre-
processing methods for a subset of the data from fig. 6.16

Tracking step
Figs. 6.21 and 6.22 show the output of the tracking process for the simulated and
real data respectively.

For the simulated data, all 16 tones known to be present are detected and largely
maintained despite extended sections of fading and crossovers. However, the output
is not perfect and there are some sections where fading combined with crossovers has
resulted in mistaken track association.

For the real data, 21 tones are identified and tracks maintained successfully on all
of them. As the data is real, the ‘ground truth’ is not known but the tracks reported
all correspond to peaks in the FFT of the raw data (a potential check only in this
special case in which the frequencies appear constant for the whole time period).
Furthermore, a close inspection of the data confirms the tones and the periods for

which they are declared are plausible.
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Figure 6.21: Tracker output for the simulated data

In summary, a new method for processing passive sonar data has been presented.
An initial implementation on both real data and a simulated complex scenario shows
promising results. The Radon and wavelet transforms as well as the tracking tech-
niques from the theory of finite set statistics are potentially valuable tools for the
processing of passive sonar data. Future work comparing the new method to existing
methods for frequency detection in passive sonar data would be valuable. A rigorous
linking between passive and active sonar with both using finite set statistical methods
would also be of interest.

Use of the Radon transform exploits the fact that tones tend to move in straight
lines in frequency-time space. Future implementations could improve performance by
using more general information about the behaviour of tones, incorporated by using
a generalised form of the Radon transform.

Using this method, phenomena, such as Doppler shifts, can be automatically
detected. A natural extension to this work would be to link this information back to
the tracking step, so that detection of Doppler shifts can be used to inform beliefs

about the target’s dynamics and vice versa.
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Figure 6.22: Tracker output for the diesel data

6.3 Tracking Multiple Bacteria in Microscopic Video
Data

6.3.1 Context

Bacteria such as Rhodobacter sphaeroides are capable of constructing and living within
surface associated multicellular communities known as biofilms. The formation of
biofilms has huge implications for medical and industrial environments. Biofilms
have been found to cause chronic infections, to grow on medical implants and to form
plaque on teeth. In industry they have been found to block pipes, corrode metal,
and to contaminate clean water distribution systems. For these reasons, bacterial
behaviour near surfaces is a topic of current research interest [60] [109] [120].
Bacteria were first successfully tracked in microscopic visual data in 1971 by Berg
[10] using a specially designed tracking microscope which adjusted its position and
focus in real time to follow bacterial movement. Berg poetically described the results:
“The scene through the binocular is extraordinary. The bacterium being tracked seems
to be stuck to the centre of the field, turning this way and that trying to free itself,
while the other bacteria drift in and out of focus, then to and fro, in apparent syn-
chrony”. In the same passage, Berg also describes a telling incident: “the organism
was seen to collide with one which was not swimmaing, the microscope locked onto this
bacterium and the other swam out of focus”. This highlights the difficulty of multi-

target tracking as opposed to single target tracking and is the reason why multitarget
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tracking methods are necessary for the problem. In Berg and Brown’s widely-cited
paper [11] presenting results from the tracking process, 59 trajectories are extracted
from over 25 minutes of tracking time.

More recently, some analysis of bacterial behaviour has been carried out for ‘teth-
ered cells’ [21], where cells are stuck to a microscopic slide cover by their flagella. This
provides some information about characteristics of the cell motor but is an unnatural
state in which to observe bacteria, which may influence results. Furthermore, param-
eters such as speed, distance and turn rate cannot be measured using this method.

Taboada et al. [116] appreciate that “quantification of the different features of
bacterial swimming requires the analysis of a large number of free-swimmaing cells” .
In [116], Taboada et al. use a basic digital tracking method relying on cell overlaps
between frames for track continuity. This method will encounter difficulties for cross-
ing cell paths, just as Berg did, and as cells often move more than 200 times their
own body length per second [3] a high frame rate is required. Consequently, Taboada
et al. [116] are limited to obtaining 50 tracks.

In this section, an implementation of the PHD filter for tracking cells in video
data is presented in the context of existing work on PHD filters for visual tracking.
This method makes it possible to track a far larger number of cell trajectories than
was previously possible. The large number of cell trajectories permits some analysis
of cell behaviour which matches predictions from fluid dynamical models for bacterial
motion. The work in this section is based on [137]. The author’s contribution to this
jointly authored paper is outlined in Section 1.4.1.

It should be noted that the application of the PHD filter to microscopic bacterial
data has been attempted before by Juang et al. [54]. However, the primary purpose
for their implementation was for monitoring cell lineage. Problems were found in the
course of the implementation with regard to consistently tracking moving cells. Juang
et al. state, for example, that “cells that moved too quickly became untracked”. The
implementation that will be described below focuses on maintaining continuous tracks

for cells in motion.

6.3.2 Tracking

Prior Work

Multitarget tracking for general visual data using the PHD filter has been presented
by Maggio et al. [71] and Wang et al. [129], both of which show good results on
real data. Both [71] and [129] use an SMC-PHD implementation closely following the
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approach in [124] but this introduces some additional complexities into the tracking

process:

1. Clustering for state extraction - In order to extract individual target states,
particles must be partitioned using a clustering method. For this purpose,
[71] and [129] choose the expectation maximisation and k-means algorithms
respectively. Problems that arise in clustering for state extraction are discussed

in detail in Section 5.1.1.

2. Data Association - Associating tracks between frames in order to give continu-
ous tracks may be important, and is particularly so with regards to the tracking
of bacterial motion. In [71], data association is performed externally to the PHD
filter using a graph based method. The graph based method used does not per-
mit clutter and hence may produce unreliable results in tracking scenarios with

clutter.

3. Birth process - In scenarios with no prior localisation information on the birth
process, an unmanageable number of particles may be required for the birth pro-
cess, as discussed in Section 5.1.1. (This process is avoided in an ad hoc manner

in [71] by only sampling particles in an arbitrary vicinity of measurements).

The above issues can be resolved by using the GM-PHD filter (as described in Section
4.2.2) in situation where the motion and measurement models are linear and Gaussian
or using the improved SMC-PHD filter (as described in Section 5.1.2) otherwise.

The Bacteria Tracking Scenario

In order to record bacterial motion, cells were placed within a flat glass capillary
which was sealed at both ends using silicone grease. Swimming was visualised us-
ing phase contrast microscopy at 40x magnification and videos were captured at 50
frames per second (fps). The species Rhodobacter sphaeroides was chosen as it is
of research interest [91]. Videos were taken at, and away from, the surface of the
capillary as differences in swimming behaviour of the bacteria between these regions
are of particular interest with regard to biofilm formation.

Figure 6.23 shows frames from two different kinds of microscopic video. Figure
6.23(a) is taken at the surface of the capillary. The cells are quite clear, so that
occlusion is the issue most likely to cause a missed detection of a cell. Figure 6.23(b)
is taken away from the surface and deeper within the fluid. In this case the cells

are more faint and difficult to detect, some are darker than the background while
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(a) (b)

Figure 6.23: a) Frame from microscopic video taken at the surface. b) Frame from
microscopic video taken away from the surface. ©IEEE 2012

others are lighter due to differences in depth. To the author’s knowledge, it has not
previously been possible to track multiple bacteria in this scenario.

Linear, Gaussian models are sufficient to capture the target dynamics and mea-
surement models and only positions and velocities of individual cells are of interest.

Hence single target states x; have the form
X = [xkai‘kaykayk]T> (610)
and the following standard assumptions are made:

e The probability density for the state x at time k + 1 for a target which had

state x’ at time k is

Serp(x[x) = N(x; Fpx', Qr), (6.11)
where
1 dt 0 0 “F 00
Fiy(x) = 8 (1) (1) c(l)t , Qr=q % Cét % % ) (6.12)
0001 0 0 € g

where dt is the time step in the data and ¢ is the process noise scaling param-
eter. These represent “straight line motion” and “white noise” respectively as

outlined in the single target case in Section 2.2.

e The probability of target survival, pg is known and constant.
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e There is no spawning (i.e. cell division happens too infrequently to be impor-
tant).

e The number of appearing targets is Poisson distributed with mean pg. The
birth density, 7%, will depend on the scenario but should be chosen to localise
around the edges of the image in the case, as in Fig. 6.23(a), where the cells
are always clearly visible and must emerge from the sides. In the case, as in
Fig. 6.23(b), where cells may move into the field of view by changing depth the

birth density must cover the whole image.

o A target with state x generates a measurement z with likelihood

L,(x) = N(z; Hyx, R), (6.13)
where
|10 00 o
H}c— |:0 0 1 0:| 5 Rk—O'wHQ, (614)

and o, is the standard deviation measurement noise.
e The probability of detecting a target, pp is known and is constant.

e The number of false alarms is Poisson distributed with mean A and the false

alarm density, x is constant.

Finally, it is well-known that some cells, including Rhodobacter sphaeroides, have a
run-stop behaviour. This might be modelled as a jump Markov linear system, mean-
ing that there are two different motion modes and switching between these two is
a Markov process. Handling jump Markov linear systems within the PHD filter is
presented in Section 5.2. This method may be used to improve handling of rapid
changes in behaviour while tracking but is omitted here for simplicity as the bacterial

strain used does not display stopping behaviour.

Handling Occlusions

Occlusions are an additional issue in video data containing a high concentration of
cells. In such high cell concentrations, there are frequent occasions when one cell
occludes another for several consecutive time steps and this often leads to the tem-
porary loss of one of the tracks, breaking the desired track continuity. Two heuristic

options for alleviating this problem are suggested in lieu of a comprehensive solution.
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1. Set the model probability of detection to a lower level for cells in the vicinity

of other cells, thereby taking into account the probability of occlusion.

2. “Join up” broken tracks by seeking pairs of tracks where one track ends and
another begins close by a short number of time steps later, especially if the birth

target is in an area with low birth density.

6.3.3 Testing

Testing the output of the tracker is a difficult task as no ‘ground truth’ is available. A
comparison of the tracker output with a manual analysis was carried out on a selec-
tion of tracks. This process is difficult and time consuming. Taboada et al. [116] go
as far as to suggest that “simple eye analysis would be extremely difficult or impossi-
ble”. However, there is some merit in confirming correspondence between the tracker
output and the tracks as identified by the human eye. In addition, a simulation was
undertaken to test the performance of the tracker in the presence of a known ground
truth.

Manual Analysis

100 tracks were randomly selected, 50 of which were from videos captured at the sur-
face and 50 of which were captured away from the surface. A careful manual analysis
was performed comparing the track output with the video in slow motion. Occlusions
and faint tracks made identifying the track by eye particularly difficult and several
viewings were sometimes necessary. 96 out of the 100 tracks chosen were deemed
to match the video. A random sample of 20 of these are available for the reader’s
scrutiny, 10 from the surface and 10 away from the surface at the URLs:
http://people.maths.ox.ac.uk/yatesc/ieee movies/tracksurfl.avi to
http://people.maths.ox.ac.uk/yatesc/ieee movies/tracksurf10.avi and
http://people.maths.ox.ac.uk/yatesc/ieee movies/trackl.avi to
http://people.maths.ox.ac.uk/yatesc/ieee movies/trackl10.avi for tracks at,
and away from the surface respectively. An example of a successful track is given in
figs. 6.24(a)-6.24(c).

The reader may be more interested in the 4 incidents where the tracker output
did not match up to the manual analysis. There were two at the surface and two
away from the surface and the videos are available at the URLs:
http://people.maths.ox.ac.uk/yatesc/ieee movies/tracksurffaill.avi,

http://people.maths.ox.ac.uk/yatesc/ieee movies/tracksurffail2.avi and
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http://people.maths.ox.ac.uk/yatesc/ieee movies/trackfaill.avi,
http://people.maths.ox.ac.uk/yatesc/ieee movies/trackfail2.avi respectively.

All four incidents contain a rare occurrence. One of the track failures at the
surface includes a cell occluded three times in quick succession and the other an
incident where two cells with similar trajectories are both simultaneously occluded
by a third cell as they cross (see figs. 6.24(d)-6.24(f)). Away from the surface, one of
the track failures is a case where a cell disappears off of the edge of the image at the
same time as a new cell appears at a similar point. The other is of a large cell, which
appears to be about to divide, spinning rapidly. A track is declared but its position
is erratic.

In a tracking scenario with a large number of varied targets, some of which are
faint and which frequently occlude each other, such incidents might be expected to
give a low level of unreliable tracks, but the overall results give confidence in the
match between manual analysis and the tracker. It is also clear from some of the
videos that the tracker allows detection of some cells which might have been too faint
to detect by eye, and there were also incidents with occlusions where the tracker
at first appeared to be incorrect but upon a more careful viewing was shown to be
correct. In these cases the performance of the tracker may be better than that of
manual analysis. For self-containment purposes, we have included stills from two of
the videos described above to give the reader an insight into what these events look
like. The stills may be found in fig. 6.24.

6.3.4 Performance Comparison Using Simulated Data

It is desired to test the PHD filter against other recent methods from microscopic
visual tracking. A recent review on the topic which gives a “good picture of the state-
of-the-art” [106] for live-cell tracking is given by Jaqaman et al. [50] which broadly
characterises tracking methods in terms of defining a cost between cell detections
in subsequent frames and then performing a deterministic total cost minimisation.
Examples of tracking methods based on cost minimisation may be found in the papers
by Ouellette et al. [86] and Xie et al. [138] for tracking in particle image velocimetry
(PIV) and tracking Escherichia coli respectively. There is a fundamental difference
between this class of methods and the PHD filter because the cost minimisation
approach is deterministic as opposed to the statistical approach of the PHD filter as
described above.

In order to obtain a reliable quantitative comparison between the PHD filter

and alternative methods, it will be necessary to use simulated data. This is due
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Figure 6.24: Illustrative video frames to complement the above linked videos. Stills
from videos illustrating a well-tracked cell (a)-(c) and a track which was lost (d)-(f)
due to an occlusion with a moving cell and a stationary cell at the same time (an
unusual event). (a) The track (yellow) is initiated almost from the moment the cell
arrives on the screen. (b) The tracker manages to deal with an occlusion event as
the tracked cell passes over a stationary cell. (c¢) The track continues until the cell
leaves the screen. (d) A new cell is tracked as it appears on the screen and its motion
path indicated with a white arrow through its centre. A cell which will occlude the
tracked cell also has its motion path marked in a similar way with a black arrow. (e)
The three cells occlude each other. (f) The path of the track is swapped to the cell
marked with the black arrow as the cells separate. ©IEEE 2012

(d)

to the absence of a known ‘ground truth’ in the real data. Simulating images that
accurately replicate experimentally-acquired data is extremely challenging. Different
optical contrast-enhancement methods (i.e.. Differential Interference Contrast (DIC),
Phase Contrast (PC) or Dark-Field (DF) microscopy), as well as chemical staining
techniques can be used to visualise swimming bacteria, and therefore the appearance
of each image will be dependent on many experimental factors. Furthermore, different
bacterial species will have different shapes, sizes and refractive properties and the
buffers that they require for swimming will potentially have different refractive indices.
Therefore biological factors will also affect the appearance of the image data both in
terms of image contrast and image noise. For these reasons, instead of simulating
full images, the set of detections for each frame was simulated taking into account

phenomena such as false alarms, occlusions and measurement noise. The dynamics of
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the bacteria were simulated in a large region using the model described in [101] and
a smaller ‘field of view’ was created inside the large region. This allowed simulated
bacteria to swim in and out of the field of view as in a real recording.

The performance of the GM-PHD filter was compared with two methods based
on cost minimisation. The first is the nearest neighbour (NN) method as described in
[86] which is used as a benchmark. The cost function in this case is the distance be-
tween the estimated position of the tracked cell and the position of the newly detected
measurement. This tracker is equivalent to the implementation in, for example, [39].
The second alternative method is the tracker from [138] denoted XIE hereafter. The
cost function for this tracker is the sum of the distance between the predicted cell
position and the new detection, and the difference between the predicted direction
of motion of the cell and the observed direction of motion given the new detection.
Information relating to image histograms is not included as it is not available in this
simulated data. In order to permit equivalent computational complexity to the GM-

PHD filter, the sliding window size for XIE was chosen as two.

Performance Comparison Using OSPA Metric

Evaluation in multitarget tracking is often performed using the optimal sub-pattern
assignment (OSPA) metric [107], a consistent metric for the distance between two
sets. In multitarget tracking performance evaluation, OSPA is used to measure the
distance between the true set of tracks and the estimate returned by a given tracker.
The OSPA metric takes two factors into account; the difference in localisation and
the difference in cardinality (the number of targets). The relative weighting given to
each of these components depends on a parameter, the ‘cut-off’ parameter, c. For
the test here, the parameter c is chosen as ¢ = 10 pixels. This may be interpreted
as errors in cardinality (e.g. targets not tracked) being penalised at the same rate as
a localisation error of 10 pixels, the maximum localisation error considered. OSPA
itself may be interpreted as an average error per target and hence has a maximum
value of 10 pixels.

A significant problem with the NN and XIE trackers is the way in which false
alarms are handled. In the NN implementation by Etgar et al. it is stated that
“the bright peaks that were not used... initialize new trajectories”. This means that
any false alarms not assigned to existing trajectories always initialise new tracks.
Similarly, in [108] on which the XIE algorithm is based, it is stated that “a track is
either composed of sensor responses from a single world point or it is composed of

points occurring from noise only”. Therefore, it can be seen that both methods will
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produce track sets which contain a high level of tracks corresponding to noise. This
results in noisy track sets and also means that cardinality error will be large whenever
there are false alarms.

As an example of this problem, GM-PHD, NN and XIE trackers were evaluated
on a simple scenario with an average of three cells in the field of view, no missed
detections and some false alarms, uniformly distributed over the field of view where
the number of false alarms in each frame has a Poisson distribution with mean A. 4000
time step simulations were computed for a range of A and the average OSPA distances
are shown in fig. 6.25. This figure demonstrates the consistent strong performance of
the GM-PHD filter while the other trackers have close to the highest possible OSPA

distance even for low false alarm levels.
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Figure 6.25: Average OSPA distance for each tracker for a range of A\, the average
number of false alarms. (©QIEEE 2012

The results shown in fig. 6.25 highlight the inability of existing methods based
on cost minimisation to handle the multitarget aspect of the tracking problem, which
is to jointly determine the number of targets and their locations. The PHD filter’s
statistical approach to handling varying target number and false alarms allows it to
differentiate between false alarms and true targets directly, which results in less noisy

track outputs.

Single Established Trajectory Performance Comparison
A further set of comparisons were implemented to determine the ability of the trackers
to maintain continuous and accurate tracks on individually identified cell trajectories.

In order to test performance under challenging tracking conditions the simulations
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included phenomena relevant to microscopic visual tracking which make the scenario
more difficult. The phenomena included were uniformly distributed false alarms, spa-
tially and temporally correlated false alarms and occlusions. Although these do not
capture every aspect of microscopic visual data, they are broadly representative of
the complications which make the problem difficult.

In all of the tests there were an average of 25 cells in the field of view unless
otherwise stated. This is representative of the real data as shown in Section 6.3.2. For
each test, 100 individual trajectories were randomly selected. A track was initialised
on the cell location in the first frame of its appearance and the average distance (in
pixels) between the tracker’s estimated location and the true location were measured.
Distances above 10 pixels were considered lost tracks and penalised as 10 pixel errors,
as in the OSPA metric with ¢ =10 pixels.

Test 1: Uniform False Alarms - In this test, the data was corrupted by false
alarms uniformly distributed in the field of view with the number of false alarms
given by a Poisson distribution with mean A. Simulations were carried out for a
range of A and results are shown in fig. 6.26. These results show that performance
for GM-PHD and XIE are better than NN but broadly similar to each other for all
but the highest levels of false alarms. The false alarm levels at which GM-PHD gains
a significant advantage over XIE are unrealistically high for real data. Therefore, in
realistic tracking conditions for uniformly distributed false alarms, the performance
of GM-PHD and XIE is similar.
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Figure 6.26: Average trajectory localisation error (in pixels) for each tracker for a
range of A (©IEEE 2012

Test 2: Spatially and Temporally Correlated False Alarms - In order to represent

the kind of false alarms seen in the real data, a number of false alarms were generated
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in the vicinity of each true cell, achieving spatial and temporal correlation in a manner
similar to the false alarms observed the real data discussed in Section 6.3.2 as a result
of the thresholding process. The number of false alarms generated by each cell was
chosen to be Poisson distributed with mean ~. Simulations were carried out for a
range of v and the results are given in fig. 6.27. The results show that the advantage
of the GM-PHD is greater in the case of correlated clutter than uniform clutter. An
explanation for this is that the spatially correlated false alarms present conflicting
options about which detection should be used to update the trajectory. Whereas the
cost minimisation methods must choose one measurement, the PHD filter is able to
propagate weighted hypotheses for each possible association. The results show that
the statistical approach of the PHD filter is more suited to tracking a trajectory in

data containing correlated false alarms.
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Figure 6.27: Average trajectory localisation error (in pixels) for each tracker for a
range of v ©OIEEE 2012

Test 3: Occlusions - In this test, if the centroids of two simulated cells are within
five pixels of each other, an occlusion is deemed to have occurred, and a single de-
tection is recorded for the two cells at the midpoint of their two centroids. It is well
known [38] that the PHD filter has a short memory with regard to targets for which
there are missed detections (i.e. the weight of these targets drops very quickly). In
order to alleviate this problem, the cardinalised PHD filter was proposed by Mahler
[75]. However, a simpler approach to alleviating the problem is taken here. The ex-
istence of track labels permits a trajectory dependent target declaration threshold so
that established targets with low weights can continue to be declared despite missed

detections. Furthermore, occlusions can be taken into account explicitly by reducing
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the probability of detection, pp for targets in the vicinity of other targets (and hence
in danger of being occluded), as described in Section 6.3.2.

In order to test the effect of occlusions on the different tracking algorithms, the cell
density in the simulations was varied, as occlusions become more of a severe problem
when there are more cells in the field of view. The results are given in fig. 6.28 which
shows comparable performance between GM-PHD and XIE with significantly worse

performance for NN.
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Figure 6.28: Average trajectory localisation error (in pixels) for each tracker for a
range of cell densities with occlusions ©IEEE 2012

In summary, the performance of the GM-PHD filter is significantly better than
traditional nearest neighbour based algorithms in a wide variety of tracking condi-
tions. The tracking algorithm of Xie et al. is also able to outperform NN. The
GM-PHD has a moderate performance advantage over XIE in tracking single trajec-
tories, particularly in the presence of correlated false alarms. The real advantage of
using GM-PHD is its ability to distinguish false alarms from true targets. In scenarios
where there are a significant number of false alarms, the NN and XIE trackers should
be expected to output many tracks containing mostly or entirely false alarms whereas
the GM-PHD does not, as is clearly demonstrated in fig. 6.25.

6.3.5 Results

An initial data set contained 78 minutes of video footage. Many of the tracks returned
from this footage were immobile cells (which may have been, for example, dead or
stuck to the surface). Tracks of immobile cells provide no useful information, so only

tracks with a minimum level of movement were used. 4182 tracks were returned from
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Figure 6.29: Distribution of framewise angle changes: a) at the surface. b) away from
the surface. (©IEEE 2012

78 minutes of footage, which is nearly two orders of magnitude more than the 59 and
50 tracks returned in [11] and [116] respectively. The large number of tracks returned
makes it possible to build up accurate probability densities of parameters of interest
from bacterial motion, an example of which is given below.

A bias towards spiralling in one orientation is consistent with fluid dynamical
models for bacterial motion near a surface [109]. A direct comparison of this bias at
the surface as compared with behaviour away from the surface was not previously
possible. Figure 6.29 gives the distribution of angle changes (per time step) over the
whole data set, showing a clear bias towards clockwise turns at the surface which is
not present for cells away from the surface. This verifies the prediction from fluid
dynamical models and is an example of how the large number of tracks extracted

permits in-depth, quantitative analysis of a range of features of bacterial motion.

Computational Speed

Results were obtained using non-optimised MATLAB code on a machine with an
AMD Phenom(tm) IT X3 720 2.8GHz Processor. Performing the GM-PHD filter on
9000 frames of measurements with an average of 15 targets present took 543 seconds,
giving a processing rate of about 16.5fps. The detection step may take longer depend-
ing on the image resolution and method used. It should be noted that computational
complexity of GM-PHD is linear in both the number of measurements and the num-
ber of targets, so the speed will depend on both the number of cells present and the
level of false alarms.

A similar implementation on the same data set using the improved SMC-PHD
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filter with 2000 particles per target and 500 particles for new targets (chosen to
enable direct comparison with the computational results presented in [71]) was carried
out. This implementation took 6807 seconds, giving a rate of around 1.3 fps. The
closest equivalent calculation in [71] is for 12 targets and the processing time given
corresponds to around 0.7 fps. There are several factors which might explain the
two-fold decrease in computation time as compared with the results in [71]. The
improved SMC-PHD does not need clustering or data association, which reduces the
computation. Furthermore, the presence of track labels within the PHD filter enables
a gating process, as described in Section 5.1, which may have increased computational
efficiency. Finally, some of the difference may be due to hardware, although the
3.2GHz processor used in [71] should be comparable to the 2.8GHz processor here.

The difference in performance between the standard SMC-PHD filter and im-
proved SMC-PHD gives a roughly two-fold increase in performance, but the striking
difference is that gained by using GM-PHD which gives a 25-fold increase in speed
by comparison with the computational results reported in [71]. This 25-fold decrease
in computation may provide the most compelling practical argument for adopting
GM-PHD for visual tracking.

6.4 Performance Comparison in Simulated Data
with Dense Clutter

In this section, simulations are used to allow a comparison, over a large set of Monte
Carlo trials, of the GM-PHD filter with some of the conventional multitarget tracking
methods described in Section 3.1. This will follow the work presented in [133]. The
comparison will focus on high clutter scenarios which are relevant to, for example,
active sonar in shallow water highly reverberant environments.

The examples used in the simulations here will represent ‘vanilla’ multitarget
tracking scenarios. This means that the forward and measurement models will be
linear, target SNR information will not be included and there will be no target ma-
noeuvres. Restriction to this vanilla case reduces complication by additional factors.
It should be noted that all of the aforementioned complications may be handled rig-
orously within the framework of the PHD filter. It might, therefore, be expected that
the appropriate PHD implementations should deal with these complications at least

as well as any ad hoc equivalent used with the conventional methods.
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The Simulations

The performance of the GM-PHD filter will be compared with the global nearest
neighbour (GNN) and probabilistic data association (PDA) methods combined with
both ‘M out of N’ and sequential probability ratio test (SPRT) track maintenance,
all of which are described in Section 3.1. The multiple hypothesis tracker (MHT)
has been omitted from these tests due to the reported difficulty in implementing
such a filter (Blackman and Popoli state that their implementation took “around six
person-months to develop [15, p. 373]).

The first two tests will focus on well-known measures of effectiveness (MoE) for a
multitarget tracker: track maintenance, initialisation time and level of false alarms.
These MoEs will be determined in simple scenarios. It was pointed out in Section
5.4 that these MoEs are not rigorous metrics and so should be applied with caution.
However, the use of familiar MoEs does have the advantage that it permits an anal-
ysis alongside previously published performance comparisons. Using the previously
published performance comparisons it might also be possible to cautiously extrap-
olate a relationship between GM-PHD and MHT performance. The performance
comparisons in both [8] and [15] lead to the conclusion that PDA gives equivalent
performance to GNN in “several times” the clutter level. Similarly, in [15], MHT
is deemed to give equivalent performance to GNN in 10-100 times the clutter level.
GM-PHD will be tested against these benchmarks.

The final test will compare the OSPA metric for the various filters in a more
complex tracking scenario. For this test the OSPA metric as described in Section 5.4
will be used. The use of track weights as described in Section 5.4.2 is not deployed
as there is no immediate comparison between the ‘M out of N’ or SPRT scores and
the PHD weights. If an analysis taking track confidence into account were desired,
this could be achieved by mapping the ‘M out of N’ or SPRT scores onto [0,1] in a
manner giving the desired equivalence between scores and PHD track weights.

The following scenario parameters are true for all of the tests:
e The single target state x is given by x = [z, &, y, ¥].

e Targets follow straight line motion and the (white, zero-mean Gaussian) process

noise model parameter, ¢, is set to ¢ = 10~ for all filters.

e The region of surveillance is [—40,40] x [0, 40] where the units may be thought

of as km.
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e The measurement matrix H is given by

1000
H:[O 01 o}’ (6.15)

and the (white, zero-mean Gaussian) measurement noise has covariance matrix

R = 0, where 0 = 0.3.

e Clutter is uniformly distributed over the surveillance region and the number of

clutter points has a Poisson distribution with mean A.

6.4.1 Track Maintenance

This will test the ability of the filters to maintain a track on a single established target
moving through clutter. Track maintenance is a common measure of effectiveness in
the literature [8] [62] [33]. However, the actual criteria for having maintained a track
is often not given explicitly. In [8] the criteria is for the track to be sufficiently close to
the truth for at least one of the last 20 time steps of a run. It seems a little generous
to conclude that tracks fulfilling this criteria are all ‘maintained tracks’. No explicit
criteria are given in either [62] or [33].

For the tests here, the criteria that will be employed is to insist that for a main-
tained track, there is a track declared within 1 unit distance of the true target location
for 80% of the time steps of the 50 time step run. For GNN and PDAF, a single (full
weight) target will be declared on every time step whereas for GM-PHD the weight
threshold will be set at 0.2 (see Table 4.2 for more details).

100 Monte Carlo runs were performed for each of a range of clutter levels (with
A between 10 and 1000) and with pp = 0.75 and 1. The results are given in tabular
form Table 6.2 and in visual form in fig. 6.30.

The results suggest that performance of the GM-PHD filter is equivalent to the
GNN in 10-20 times the clutter level. This is not as great an improvement as the
10-100 times clutter level reported in [15] but it is still significant. More work on a
direct performance comparison between MHT and the PHD filter would be useful. In
one existing small-scale comparison [89] in which the PHD filter outperforms MHT
(albeit only in 1 Monte Carlo run) the authors emphasize the comparative ease of
implementation of the PHD filter as well as its lower computational load. What is
clear is that GM-PHD offers a substantial improvement in track maintenance in high
clutter levels compared with GNN and PDA and that taking all factors into account,
it should be competitive with MHT.
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PD =1 PD 2075
clutter | NN PDA PHD | NN PDA PHD

10 1 1 0.96 0.97 1
20 | 0.99 1 0.94 0.97 1
50 [ 0.97  0.99 0.92 0.96 1

100 { 0.93  0.99 0.84 0.95 0.99
200 1 0.88  0.99 0.73 0.93 0.99
500 | 0.65 0.91 0.47 0.47 0.92

1000 | 0.38  0.37 0.90 | 0.23 0.02 0.71

2000 | 0.14 0.09 0.41 | 0.07 0 0.14

— = = = =

Table 6.2: Proportion of tracks maintained from 1000 Monte Carlo Tests.
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Figure 6.30: Proportion of tracks maintained from 1000 Monte Carlo Tests.

6.4.2 Track Initialisation and False Alarms

In this test, there is a single target in clutter. The ability of the filters to initialise a
track (within 1 unit distance from the target) while minimizing the number of false
tracks is measured. 100 Monte Carlo tests were run for a range of levels of clutter with
pp = 1 for all tests. T'wo track initialisation schemes were used with the conventional
filters, ‘M out of N’ and SPRT as described in Section 3.1. Rather than exhaustively
performing the test for every parameter regime, a smaller set of tests were carried
out to determine reasonable parameter regimes. The parameters chosen for ‘M out
of N” were M = 3 and N = 5 while for SPRT the track confirmation threshold was
set so that the false track confirmation probability was 1073, the weight threshold for
declaring tracks in GM-PHD was set to 0.2.
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The results are given in Table 6.3. Note that results are only given in the case
where the target was tracked for more than 75% of the Monte Carlo tests and there
were less than 50 false tracks per time step on average. Any filters not fulfilling both

of these criteria would likely not be considered sufficiently reliable trackers in any

context.
clutter | NN M/N | NN SPRT | PDA M/N | PDA SPRT | GM PHD
FT Decl | FT Decl FT Decl FT Decl | FT Decl
10| 0.5 3.1 0 3.2 1.9 3 0.2 3.1 0.2 2
20 | 2.7 3.1 0 3.5 7.2 3 0.3 35| 04 2.2
50 | 23.1 3.1 0 4.6 0.9 441 0.3 3.1
100 1.3 52| 0.3 4
200 1.2 6.6 | 0.3 5.4
500 0.1 104

Table 6.3: Number of false tracks (FT) declared per time step and time taken to
declare real target in full tracking scenario (Decl.) averaged over 100 Monte Carlo
tests.

The results show GM-PHD consistently declaring targets more than one time
step before the next best filter while simultaneously declaring fewer false tracks. This
combination of quicker track declaration and fewer false alarms demonstrates that

there is an improvement in performance which goes beyond parameter adjustment.

6.4.3 Performance Comparison Using OSPA Metric

A more complex scenario was simulated containing eight targets appearing at various
times during a 50 time step run. The trajectories for this scenario are shown in
fig. 6.35(a). The OSPA metric, as discussed in Section 5.4 was used to evaluate
performance by giving a distance of each tracker’s multitarget estimate from the
known ground truth. The OSPA metric depends on two parameters: p and c. For this
test, p = 2 which may be interpreted as all single target distances corresponding to
standard Euclidean distances. The parameter ¢ determines the relative importances
assigned to localisation and cardinality errors. For all tests, the OSPA metric was
computed for a range of ¢ values to give a better idea of the nature of each tracker’s
errors.

Due to the computational intractability of implementing the PDA filter in a mul-
tiple target scenario, as discussed in Section 3.1, the GM-PHD filter will be tested
against the multiple target NN filter (GNN) for both ‘M out of N” and SPRT track
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maintenance schemes only. The parameters from the tests in Section 6.4.2 are used
here. 100 Monte Carlo runs are computed for a low clutter level, moderate clutter
level and high clutter level (A = 5,50, 200 respectively).

The results are shown for each of the clutter levels in figs. 6.31-6.33 for both
¢ = 0.3 and ¢ = 1. The former case emphasizes localisation errors, while the latter
case emphasizes cardinality errors. Note that the jumps in the OSPA distance at time
steps 10 and 20 are caused by the appearance of two of the targets at each of those
time steps. Figure 6.34 shows the ratio of the average OSPA distances for GM-PHD
and GNN with SPRT track maintenance over a range of clutter levels and c.

Some conclusions emerge from a study of the results given in figs. 6.31-6.34.
Firstly, GM-PHD performs better than GNN for all clutter levels, and the improve-
ment in performance increases as the clutter level increases. This is in agreement
with the results from Sections 6.4.1 and 6.4.2 but is based on a metric rather than a
measure of effectiveness. Secondly, the performance advantage of the GM-PHD filter
increases as the metric parameter ¢ increases. This shows that the cardinality estima-
tion in GM-PHD has a greater performance advantage than localisation estimation.
This might have been expected; the localisation estimation in the GM-PHD is due to
the same Kalman filter equations as in GNN. The real advantage of the random finite
set methods over the conventional methods is the incorporation of explicit statistical
models for the full set of relevant phenomena to the tracking scenario. In particular,
explicit models are incorporated for those phenomena regarding cardinality issues
such as target appearance and disappearance which are handled in an ad hoc manner
in the conventional methods.

As a final demonstration of the ability of the GM-PHD filter to extract targets
from dense clutter, an example is presented in fig. 6.35 which shows the noisy data
set alongside the tracks declared by the GM-PHD filter.

Whereas in Section 6.4.1 it was possible to consider performance comparisons of
GNN and MHT in order to tentatively extrapolate that GM-PHD should be com-
petitive in performance with MHT, this is not possible here. This is because no
comparison of GNN and MHT using an OSPA metric is available. Such a compari-
son of GM-PHD with MHT using the OSPA metric would be valuable future work.
Regardless, the full advantage of using the random finite sets formulation of multi-
target tracking is the ability of the framework to incorporate rigorously factors such
as amplitude information [29], extended targets [115], group target motion [28] and
multiple sensors taking into account sensor field of views and transmission drop-outs

[75).
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Figure 6.31: Average OSPA distance for low clutter with (a) ¢ =0.3, (b) c=1
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Figure 6.32: Average OSPA distance for moderate clutter with (a) ¢ = 0.3, (b) ¢ =
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Figure 6.33: Average OSPA distance for high clutter with (a) ¢ = 0.3, (b) c =1
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Figure 6.34: Ratio of average OSPA distance of GM-PHD and GNN with SPRT for
various clutter levels and c.
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(d)

Figure 6.35: Illustrative results to demonstrate the ability of the GM-PHD filter to
extract targets from dense clutter. (a) The target locations for all time steps. (b)
The measurements from one time step. (c¢) The aggregated measurements from all
time steps. (d) The tracks output by the GM-PHD filter.
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Chapter 7

Summary, Conclusions and Future
Work

The main aim of this thesis was to build on the existing work in the field of random
finite set theory, extending the range of techniques and applications as well as im-
proving understanding of the links with established Bayesian tracking theory. This

was accomplished by:

1. Presenting an in-depth background to random finite set theory with a focus on

connections with conventional probability theory (Chapters 3 and 4).

2. Developing new techniques to aid practical implementations of the probability

hypothesis density filter and performance analysis thereof (Sections 5.1 and 5.4).

3. Deriving new links between extensions of the PHD filter and existing Bayesian
methodologies (Sections 5.2 and 5.3).

4. Presenting new applications of the PHD filter, with particular focus on applica-
tions relating to sonar. Demonstrating the good performance of the PHD filter

for these applications using a mixture of real and simulated data. (Chapter 6).

7.1 Summary and Conclusions

Chapter 2 focused on the more conventional single target tracking problem where the
objective is to infer the state of a single target conditioned on noisy measurements re-
ceived. A conceptual solution to this problem was given in the form of the Bayes filter
in Section 2.1 and it was shown that in a special case this reduces to the well-known
Kalman filter. As computation of the Bayes filter is intractable in general, a range of

approximate solutions to the Bayes filter recursion has been developed. A selection
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of the most popular broad approaches was presented. These approaches were: Taylor
series approximation, sigma point approximation, Gaussian sum approximation, se-
quential Monte Carlo and grid approximation. The performance of these approximate
methods was evaluated using the method of comparing the posteriors computed with
the ‘correct’ Bayesian posterior in Section 2.2. A comparison was also made of the
error standard deviation of each filter with its theoretical lower bound as given by the
Cramer-Rao lower bound (CRLB). A test was carried out for a tracking scenario with
measurements taken of range and bearing with bearing uncertainty large relative to
range uncertainty, which is relevant to sonar and radar tracking. Results presented
in Section 2.2.2 showed that, for larger values of bearing uncertainty, SMC meth-
ods gained a performance advantage over UKF, which in turn gained a performance
advantage over EKF. These differences in performance became more significant as
bearing uncertainty increased. Further results suggested that methods based on the
assumption that the posterior density was Gaussian were very poor at approximat-
ing the posteriors even for smaller values of bearing uncertainty. This suggests that
EKF and UKF methods should be implemented with caution. A new method for the
selection of filter initialisation based on Bayesian principles was presented in Section
2.3 and it was demonstrated in a simple test that this method gives a significant per-
formance increase for no additional computational cost. The background to handling
target manoeuvres using jump Markov linear systems was presented.

A key aim of this thesis has been to give the reader an insight into the theory
of random finite sets. To this end, Chapters 3 and 4 included a background of
conventional multitarget tracking alongside a big picture view which gives an idea of
the motivation behind the development of random finite set theory. A more detailed
summary of the background to random finite set theory was presented in Section
3.3 emphasizing the links between multitarget and conventional statistics as well as
the relationship to point process theory. The derivation of the multitarget Bayes
filter was presented in detail in order to demonstrate how the theory may be used
in calculating multitarget posterior densities by constructing belief mass functions
and appealing to the multitarget analogue to the Radon-Nikodym theorem. The
practicalities of a multitarget Bayes filter implementation were also discussed, and
problems in defining the conventional estimators were elaborated. The first-order
moment of these multitarget probability densities, the probability hypothesis density
(PHD) was introduced in Section 4.1 and the PHD filter, which propagates only
this moment, was derived in detail using probability generating functionals. This

provides a more computationally tractable alternative to a full multitarget Bayes filter
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implementation, but is based on the familiar and systematic approximation strategy
of moment matching. Worked examples of both the multitarget Bayes filter and
the PHD filter were given in a simple scenario with the aim of elucidating aspects
of calculations of these filters. In order to give the reader the tools necessary to
implement the PHD filter, the full details of the sequential Monte Carlo (SMC) and
Gaussian mixture (GM) implementation of the PHD filter were given in Section 4.2.

Chapter 5 focused on extending the application of the PHD filter beyond the
‘vanilla’ tracking scenario analysed in Chapter 4. Also considered was analysis of the
PHD filter equations in such scenarios by comparison with existing techniques based
on Bayesian methods. Some problems arise in sequential Monte Carlo implementa-
tions of the PHD filter relating to the clustering step and target birth. Techniques
were developed in Section 5.1 which alleviate these problems culminating in the im-
proved SMC-PHD filter with track continuity. Numerical simulations were presented
which demonstrate the good performance of these techniques. Handling manoeu-
vring targets within the jump Markov linear system framework was considered in
the multitarget case in Section 5.2. A scheme for incorporating the jump Markov
linear system model within the PHD filter was proposed which is based on interact-
ing models. Although the proposed JMLS-PHD filter does not depend on the form
of the forward model, it was shown that in the linear Gaussian case, it is equiva-
lent to the JMLS-GM-PHD filter derived by Pasha et al. [90] using linear Gaussian
assumptions. Furthermore, it was shown that the JMLS-PHD filter reduces to the
conventional Bayes filter in the single target case. Incorporation of target amplitude
information can assist tracking low SNR targets. In Section 5.3 the target-amplitude
PHD filter due to Clark et al. [29] was presented and some relationships between this
approach and the track-before-detect methodology were demonstrated. In particular,
in the case where the target state space is discrete, the track-before-detect recursion
is almost identical to a special case of the target-amplitude PHD filter and in the
case where it is known that there are 0 or 1 targets present, the track-before-detect
filter is mathematically equivalent to a multitarget Bayes filter. Finally, the issue of
metrics on the multitarget state was considered in Section 5.4. The OSPA metric due
to Schuhmacher et al. [107] was described and it was demonstrated that inclusion of
target confidence information could assist the effectiveness of this metric. An exten-
sion to the OSPA metric including target confidence was proposed and it was shown
that the distance derived is indeed a metric.

Chapter 6 presented a range of applications of random finite set theory, with a

focus on problems relating to sonar. An implementation of the GM-PHD filter on real
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active sonar data with an injected simulated target was presented in Section 6.1 show-
ing good results, particularly when using the SNR-PHD filter for low SNR targets.
In Section 6.2 the passive sonar problem of detecting low SNR tones in audio signal
data was reformulated as a multitarget tracking problem. A novel denoising step was
presented for passive sonar data and the GM-PHD was implemented permitting de-
tection and monitoring of a time-varying number of tones in both real and simulated
passive sonar data. The GM-PHD filter was also implemented to aid the extraction
of bacterial trajectories from microscopic visual data in Section 6.3. The technique
permitted the extraction of a much larger number of trajectories than was previously
possible which allowed more detailed probability distributions to be inferred for key
parameters of motion. These results were used to verify a fluid dynamical prediction
about the behaviour of bacteria near to surfaces. Finally, in Section 6.4 a comparison
between the GM-PHD filter and conventional multitarget tracking techniques was
presented showing that the GM-PHD filter has a significant performance advantage

compared with several existing techniques, particularly in high clutter levels.

7.2 Possible Directions for Future Work

e Performance limits for multitarget tracking - As a result of the recent proposal
of the OSPA metric [107] and its extensions to include target labelling informa-
tion [97] and target confidence information there now exists a consistent metric
on the space of finite sets which may be used to assess the performance of a mul-
titarget filter. A possible next step would be to consider the existence of limits
of the performance of multitarget filters under this metric. In the single target
case, the CRLB is a well known lower bound on the variance of an unbiased
estimator. Knowledge of the CRLB was useful in assessing the performance of
single target filters in Section 2.2 and an equivalent bound in the multitarget
case would be valuable. As the CRLB is a bound on the second moment of
the single target estimator this suggests that an understanding of an equivalent
bound for the multitarget case might benefit from a better understanding of the

second order moment of the multitarget posterior.

e [nvestigation of higher order multitarget moments and filters - The PHD filter
propagates only the first-order multitarget moment, which is equivalent to the
first order factorial moment densities of a finite point process. Higher order
factorial moments densities as discussed in [32, p. 130] provide the higher

order multitarget densities. The assumption, inherent to the PHD filter, that
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the higher order moments are negligible may be too restrictive in some tracking
scenarios. A desirable goal would be to propagate more multitarget moments. In
[72], Mahler discusses the idea of a second-order multitarget filter but concludes
that the computation currently eludes solution and may be too complex for

practical use anyway. A higher order multitarget filter remains an open problem.

Understanding bacterial chemotazis using the trajectories captured by the PHD
filter - There is ongoing work in analysing the bacterial trajectories captured
using the PHD filter to understand bacterial chemotaxis and a paper is currently
in preparation [101]. A topic of particular interest to current research is the
stop-start motion of certain bacteria including Rhodobacter sphaeroides and
the jump Markov linear system model discussed in Sections 2.4 and 5.2 is being
considered. Applications for monitoring collective animal motion are also under

investigation.

Performance comparison of GM-PHD and MHT - MHT is generally considered
to be the best performing competitor to the PHD filter for standard multitarget
tracking problems such as the scenario in Section 6.4. A detailed comparison

of the two would be valuable.

Improved SMC-PHD filter with track continuity and the multi-target multi-
Bernoulli filter - A similarity between the improved SMC-PHD filter and the
multi-target multi-Bernoulli filter [127] was first observed in [96]. With the
incorporation of track continuity, as in [136], the two filters are closely linked.
Further investigation would be useful. Also of value would be a performance

comparison between these two filters and the auxiliary particle implementation

of the PHD filter proposed by Whiteley et al. [130].
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Appendix A

Relationship to Measure Theoretic
Probability Theory

This appendix will summarise the technical details of the relationship between fi-
nite set statistics (FISST) and conventional measure theoretic probability. Further

discussion on this topic may be found in [75] and [125].

A.1 Definitions

Let X be an arbitrary space. A o-algebra on X', o(X), is a collection of subsets of X
satisfying the following properties:

1. o(&X) is non-empty.
2. o(X) is closed under complementation.
3. 0(X) is closed under countable unions.
A topology on X, 7(X), is a collection of subsets of X’ satisfying:
1. 7(&X') contains the empty set and X.
2. 7(X) is closed under arbitrary unions.
3. 7(&X) is closed under finite intersections.

For a topological space 7(X), the Borel algebra on 7(X') is the smallest o-algebra
containing all open sets. A measure, defined on a c-algebra of X', is a function

w:o(X) — R satisfying:

1. u(Y) is positive VY € o(X).
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2. w(0) =0.

3. u(U;Y:) = >, u(Y;)V countable unions of pairwise disjoint sets Y;.

A.2 Measure Theory for Random Finite Sets

Random finite sets are random variables which take their values in the space of finite
sets, F(X) of some underlying space X. It is typically assumed that X = R% In
order to define a random variable, it is typically necessary to define a topology on the
space of random elements and then define probability in terms of Borel subsets.

The space F(&X) is topologised using a Mathéron “hit-or-miss” topology (for more
detail see [75, App. F]). Using this topology, an RFS is a measurable map X : Q —
F(X) with probability measure

Py(0) = Pr(X € 0), (A.1)

defined on Borel measurable subsets O of F(X') where € is the sample space.
As in conventional probability theory, it will be useful to be able to work with
probability densities. This requires defining a measure on F(X) in order to permit

integration. The conventional choice of measure, p is given by [125]:

n(0) =Y b iaa, o) (A.2)

for all O C F(X). Here, A" is the rth order dimensionless Lebesgue measure, y is the
mapping from vectors to sets so that x(xi,...,x,) = {x1,...,X,} and o, is the set of
sets with exactly » members.

Using this measure, the integral of a function f : F(X) — R is given by:

[ rxiutax) = fj 8

) lo(x(X1, s %)) f({x1, oy X P AT (dX, .., dX).

(A.3)

or-NO

A.3 Radon-Nikodym Theorem and Random Fi-
nite Set Densities

The Radon-Nikodym theorem states that if 4 and u' are two measures on F(X') and
i is absolutely continuous with respect to u then there exists a function, unique

almost everywhere such that

1(0) = / FOu(dx), (A4)
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and hence there exists a probability density fx such that

dp'
fx = KR (A.5)
A.4 Belief Mass Functions and Probability Mea-

sures

Using the theory above, probability measures exist only as defined on the abstract
hyperspace F(&X'). It would be more intuitive to work on the underlying space X.

The belief mass function
Bx(S) =Pr(X C9) (A.6)

is a function somewhat analogous to a probability measure which is defined on S C X’.
The Choquet-Mathéron theorem has a consequence that Py is equivalent to Sx
so this allows substitution of the latter for the former without information loss [75,
App. F]. Furthermore, it is shown in [125] that the set derivative as defined in (3.26)
applied to the belief mass function is essentially the probability density function.
This permits working in X rather than F(X’) which is intuitively appealing but
does require defining substitutes for the set integral and Radon-Nikodym derivative.

These are given in (3.19) and (3.31) respectively.

185



Appendix B

Additional Proofs and Results

B.1 Intermediate Results From PHD Corrector

Let F'[g, h] be a two variable functional given by:

Flg,h] = exp(Ak[g] = A + ps[h(1 = pp)] + ps[hpppg] — 1) (B.1)
where the notation a[b] is shorthand for [ a(y)b(y)dy and p, = [ g(z)L,(x)dz. Then,
0 o e-0) T] (An(z) + prslpnL) (8.2
lg.n1=10,1] 2
(i) (;; L el = pp(x0)s(x) [[ () + pslpoLa)
lg.n)=[0,1] z€z
—)\ us[pp lupD(X)LZ(X)S<X)
[ ]zell (Ak(z) + puslpp L, ]) > Ni(a) + pslpo L] (B.3)
Proof - i)
Flg, 1] = exp(Axlg] — A — pslpp] + pslpppy)), (B.4)
therefore, using (3.33) and (4.9)
Llg1) = Flo1) S 0wlg) A~ slo) + usloon)) (B5)
= Flg,1](As(2)us[ppLa]). (B.6)
Since
5
5, \GslpoL]) =0 (B.7)
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for z # z'. The result follows immediately by iterating the derivative.

ii) Letting 1 — pp = qp,

Vlghl = Flg.hl 2 Owle] ~ A+ pslhan] + pslhoon] — i) (B
= Flo, (aan()s(x) + upp()p, (x)s(x) (B9)
= = 2o 1) = Flg, 1] (B.10)

where Elg] = pgp(x)s(x) + upp(x)py(x)s(x). The product rule for set derivatives
(3.37) therefore gives:

J (5F> OE oF
O (ory Nt 0 . (B.11)
0Z \ 6x ey W 6Z-Ww
Noting that,
)
S, upp Ly (x)s(x) (B.12)

using (4.9) from which it is also clear that 6E/0W = 0 for [W]| > 1. Hence, remem-
bering the form of 6F/6Z from (B.6),

0 (0F oF oF
— (=) = —_—. B.1
5Z<5x> Z ow ozZ-w (B.13)
WCz:|wi<1
_ g oF oF oF (B.14)

57 25252~ (2)

= (ngp(x)s(x) + upp(x)py(x)s(x)) - Fg, 1] H(AH(Z) + ps[ppLy))

z2€Z

+ Y upp(X) L(x)s(x) - Flg, 1] [ (As(w) + pslppLy]) (B.15)

2€Z weZ—{z}

from which the result follows. [

B.2 Proofs for GM-PHD filter

Predictor - Assume that:

o frrn(x|xp) = N(x; Fixy, Q),
e Pg is constant

o bpyi(x) = St wi (N(x;ml , Piy).

187



If the PHD at time k is a Gaussian mixture of the form Dy(x) = 3275 wiN (x; mi, P})
then the PHD predictor

D) = busap) + [ psfa(xw) D (w)dw (B.16)

can be written as

Di1ji(x) = D gorrp(X) + bps1p(x), (B.17)
where
Jk
Ds,k+1\kz(X) = DPs Z w N (x; MS|k+1|k> PS,kJrl\k)a (B.18)
=1
mg7k+1|k = Fymj, (B.19)
Pépoye = Qi+ FRPLE]. (B.20)

Proof - Due to the assumption on by it is only necessary to show that
[ ps frr1k(X|W) Dy (W) = Dg js1js-

Ji
[ psfienntew)Duw) = ps [ A Fiw. @) S A (wi e Pi)dw (.21
=1

Ji
= pSZwZ//\/’(X; Fow, Q) - N(w;mi, P)dwB.22)
i=1

Using the form of Dy,(x) and the first two assumptions. Thus, using (2.19)

Jk

[ psfanwIDw)dw = psY - N(x Fumi, Qo+ FBED)  (B.23
=1

= Dspp O (B.24)

Update - Assume that:
o L,(x)=N(z; Hix, Ry)
e Pp is constant

If the predicted PHD at time k + 1 is a Gaussian mixture of the form Dk+1‘k(x) =
D i1 1 kWi N (K My yjgr Piyypp)s then the updated PHD,

x)L,D (x)
D) = (1 =po()Desan(x) + 30 5 +Dk+k1+|;[;DL] (29

VASY AN
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can be written as

Dit1je1(x) = (1 —pp)Dpgae(x Z Dp k(x;2)
2E 41
where
Jrt1)k
Dpr(x;z) = Z wi,(z)N (x; m2+1|k+1(2),P;i+1\k+1),
i=1

; - pr,i+1|qu(z)
wk(z) - Jer1k g !
K(2) +pp Y55 wl al(2)
a.(z) = N(z Hkkarllkv Ry, + Hkpk+1|kaT)>
m2+1\k+1(z) = m?ﬁrl\k + Ki(z - Hkm;c+1|k)7
P1§+1\k+1 = []I - Kka]Pli-‘er’

Ky = PpypHy (HePipHy + Re) ™!

Proof - It only needs to be shown that

PpL,(x)Djy1 (%)
A6 (2) + Dyyrp[Pp La(x)]

DDJg(X, Z) =

Using the form of Dj11,(x) and the assumptions:
PDLZ (X)Dk+1|k(x)
AR (2) + Diajr[Pp La(X)]
ppN (z; Hix, Ry) Y k{”k wlic+1|kN(X5 m2+1|k7 Pli+1\k)

J : ; ;
Ae(z) + [ ppN(z; Hix, Ry) - Yo" Wt N 06 My Py A

J FE gy : c i i
Ak (2) +pD fwk“\k-/\/’(Z; Hyx, Rp) N (x; m;g+1|k7plz+1\k>dx

Therefore, using (2.19)

PDLZ(X)DkH\k(X)
Ak(z) + Dk+1|k[PDLZ(X)]

J - ' n i
P Z k+1|k w;€+1|qu(z>]\/‘(x7 m}€+1|k, Plz+1|k)

J i i ~i i
Me(z) +pp 25 Wy 1)k J 42N (x; M1 D) 4%

J] i i i Di
_PD > killk wk+1|qu( z)N (x; My 11k Pk+1\k)
Na(2) + pp S w4k (2)

~ 4 ~7; .
where 1, 1k and P} 1k have the required form  [J.
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(B.37)

(B.38)
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B.3 Derivation of the particle TBD filter as a mul-
titarget Bayes filter

Prediction Step - The following assumptions are made:

e If no target is present, one appears with probability pp and a distributed ac-

cording to the target birth density ~.

e If a target is present with state x’, it survives to the next time step with probabil-
ity ps in which case its state is distributed according to py1jx(x|x’). Otherwise

it disappears.

The aim is to calculate the multitarget Markov density f(X|X’). First, consider the
belief mass function for the set of birth targets, denoted B, noting that birth targets

are only possible when there is no target already present:

Be(T|X'=0) = p(BCTI0) (B.40)
= ppp({x} CT)+1-pp (B.41)
and hence,
b5 ~ Jpep({x} CT)+1-ps if B=1(
a5 0= {pmx) it B = {x) (B2
using (3.36). Therefore, by (3.31):
FXI0) = S200) {M(X> x (B.43

Similarly, starting with the probability mass function for the set of surviving targets,
denoted Y:

Br(TIX'={x"}) = p(Y CT{x'}) (B.44)
= psp({y} CT)+1—ps (B.45)
and hence,
0By psp({y} € T) +1—ps if Y =90
—(T|0) = B.46
oY T10) {pspk+1|k(}’|X') if ¥ ={y} (B.46)
using (3.36). Therefore, by (3.31):
’ 561/ 1 — Ps lf X = @
X = = = B.47
JEP) =500 {pspk+1|k<y|x'> it X = {x) (47
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Finally, it is clear that:

FXIX) = prf(XKa'}) + (1 = pr) f(X]0) (B.48)

where pr is the probability that there is a target present. Putting all of this together

gives a prediction step equivalent to the one described in [105].

Update Step: The update step is easier because the measurement set is not a random
finite set. It is known that a measurement will be received for each pixel and that
the only options are that any pixel corresponds to a target, or that none of them do.
The relative probabilities of these options can then be simply calculated in the way
described in [105].

B.4 Unscented Kalman Filter

Let x; be an NV, dimensional Gaussian random variable with mean Xy, and variance
Pyi. A set of 2N, + 1 sample points are chosen. These are called sigma points
and are deterministically chosen so that they have properties that allow information
about the distribution of the random variable to be captured by this small number of

points. The 2N, + 1 sigma points, yi and their respective weights W* are given by:

Xp = Xk (B.49)
wo = " B.50
N, + K ( )
XZ = f(;ﬂk + ( (Ngg + K)Pk‘k)i (B.51)
. 1
- - B.52
W 2(N, + k) (B52)
VN = R — ( (N, + I{)Pk|k>A (B.53)
. 1
e = B.54
W 2(N, + k) (B.54)

For ¢« = 1,...,N,, where x is a tunable parameter and ( (N, + m)Pk|k>, is the ith
row of the matrix square root of (N, + &)Pyi. '

It will be shown that this weighted set of sigma point has the same mean and
covariance, and all higher order odd-ordered central moments as the distribution of
Xp.

As the points are symmetrically distributed and chosen with equal weights about
Xp|k, it is clear that the sample mean is X, and that the odd-ordered moments are

all zero, so it only remains to be shown that the sample covariance is equal to Py
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The sample covariance, P is
2N,
Po= > Wi — Xuul Dk — %en]” (B.55)
i=0
Ny

= Y 2WiN, +8)(vPrr), (vVPur); (B.56)

i=1
= Py (B.57)
which proves the claim.

The unscented Kalman filter (UKF) is given by:

2Ny

Xptilk = Z W fi(xh) (B.58)
i=0
Pipape = Quar + 2 WIEG) — Rerwl e (XG) — Sege)” (B.59)
i=0
Xivir = frri(x) (B.60)
2N,
2 = Y Wh(Xjp) (B.61)
i=0
Xpr1 = Xppape + K1 (ze — 21) (B.62)
Piii = P — K Sen K (B.63)
where
2N,
Ski1 = Rupr+ Y Wiyt () — 26l s (i) — 26" (B.64)
=0
2N,
Kist = (W0 — Racnwllbin o) — 2" )Sity - (B.65)
i=0

B.5 Gaussian Sum Filter

In order to compute the Gaussian sum approximation to the Bayes filter, assume that

the Markov density is given by the Gaussian sum

Freap(xly) = Zwv x; Fry, Q). (B.66)

where 77 > 0, and >/ 2o = 1. Also assume that the posterior from time k is a

Gaussian sum of the form
Nilk
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Plugging these into (2.13) gives

T, Nk

ferp(x|Z¥) = ZZTéwim//\/’(x; Fry, Q};)N(x;xiWP]g‘k) (B.68)
i=1 j=1
T Nek ' ' ‘
= 3 miwl N Fixly, Qi+ Fi Pl FL (B.69)
i=1 j=1

This follows from (2.19) in the same manner as presented in Section 2.1.2.
The posterior density can be calculated in a similar way using (2.19) and following

the algebra from Section 2.1.2 for each component in a double sum as above.
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Appendix C

Indicative Computation times for
GM-PHD and SMC-PHD

It can be seen from (4.75) and (4.68) that the computational complexity of the GM-
PHD and SMC-PHD filters should both be linearly dependent on the number of
targets and number of measurements.

In order to give some an indication of the computation time required for an im-
plementation of the PHD filter, the computation time was measured for GM-PHD
and (improved) SMC-PHD implementations over a range of clutter levels and target
numbers. The trials were for a 10 time step run and were computed using a machine
with an AMD Phenom(tm) II X3 720 2.8GHz Processor.

Let M be the average number of false alarms per time step, N be the number of
targets and P the number of particles per target (for SMC-PHD). Denote the approx-
imate computation times for GM-PHD and (improved) SMC-PHD by Ceau (M, N)
and Cgpo(M, N, P) respectively. The linear dependence on M, N and P that was

expected was found over the range of tests and the relationship was given by

Com = 6Xx 107 x M x N (Cl)
Cspue = 5x107% x M x N x (P/1000) (C.2)
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