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ABSTRACT

The Bayesian methodology is able to deal with a number of challenges in object tracking,
especially with uncertainties in the system dynamics and sensor characteristics. However,
model complexities can result in non-analytical expressions which require computationally
cumbersome approximate solutions. In this thesis computationally efficient approximate
methods for object tracking with complex models are developed.

One such complexity is when a large group of objects, referred to as a crowd, is required
to be tracked. A crowd generates multiple measurements with uncertain origin. Two so-
lutions are proposed, based on a box particle filtering approach and a convolution particle
filtering approach. Contributions include a theoretical derivation for the generalised likeli-
hood function for the box particle filter, and an adaptive convolution particle filter able to
resolve the data association problem without the measurement rates. The performance of
the two filters is compared over a realistic scenario for a large crowd of pedestrians.

Extended objects also generate a variable number of multiple measurements. In contrast
with point objects, extended objects are characterised with their size or volume. Multiple
object tracking is a notoriously challenging problem due to complexities caused by data
association. An efficient box particle filter method for multiple extended object tracking
is proposed, and for the first time it is shown how interval based approaches can deal
efficiently with data association problems and reduce the computational complexity of the
data association. The performance of the method is evaluated on real laser rangefinder
data.

Advances in digital sensors have resulted in systems being capable of accumulating
excessively large volumes of data. Three efficient Bayesian inference methods are developed
for object tracking when excessively large numbers of measurements may otherwise cause
standard algorithms to be inoperable. The underlying mechanics of these methods are

adaptive subsampling and the expectation propagation algorithm.
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Chapter 1

INTRODUCTION

A digital sensor converts observations of physical quantities into a digital signal.
The digital signals are required to be processed to extract meaningful information
contained within. Consider the scenario where an object or multiple objects of interest
are observed by a digital sensor or a network of digital sensors. The task of estimating
characteristics that describe the object or objects, e.g. the location of an object, from
the data collected is referred to as object tracking. Object tracking methods have
been utilised in many different applications, including cell tracking in biology [40],
pedestrian tracking in surveillance [115], and aircraft tracking with radar in defence
[22]. A wide variety of object tracking methods exist and have been heavily researched
[84, 30, 78]. The majority of methods are focused on a Bayesian framework. This is a
probabilistic framework which is a natural way of taking uncertainties in the motion
and sensor characteristics into account. Typically, complexities in the probabilistic
models lead to sub-optimal or computationally expensive solutions. Recently, this has
been compounded by advancements in technology which have lead to the availability
of a wide range of sophisticated digital sensors. The result is an abundance of sensors
capable of transmitting large quantities of data. The focus of this thesis is on the
development of novel computationally efficient methods for object tracking when the

probabilistic models are afflicted with three specific types of complexity:
1. A large number of objects are required to be tracked by a sensor or network of

SENSsors.

2. Complexities in the received digital signal, e.g. highly non-linear relationships

between the signal and the characteristics of an object, or false measurements
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that do not originate from the object.

3. The presence of large amounts of data. There may be many low cost sensors
thus resulting in a large amount of data to process, or data “rich” sensors which

provide large amounts of data about the objects of interest and the environment.

1.1 Outline

The structure of the thesis is outlined below:

Chapter 1 provides the purpose and motivation for the research presented in
this thesis, followed by the outline and key contributions of the thesis, and finally the
author’s relevant publications.

Chapter 2 introduces the object tracking problem and how it can be approached
within a Bayesian framework. A review of several fundamental algorithms is pre-
sented. An overview of key methods used for multiple object tracking, focusing on
small groups and large groups of objects, is included.

Chapter 3 begins with an introduction to the problem of tracking a large number
of objects which follow a certain pattern of motion, referred to as a crowd, and the
inference process is formulated within a Bayesian framework. This is followed by
an introduction to interval analysis and the box particle filter (Box PF) for point
object tracking. Building on that foundation, an efficient Box PF for crowd tracking
is developed. Next a brief introduction to the convolution particle filter (CPF) is
presented. This is followed by the development of an efficient CPF for crowd tracking.
Finally, the performance of the methods is evaluated for two different cases. The first
case corresponds to the fully matched scenario where the models used by the methods
directly match that used by the simulator, and the second case is an unmatched
scenario of a realistic crowd moving through a bottleneck.

Chapter 4 focuses on the related problem of extended object tracking. In com-
parison with Chapter 3, this chapter considers the scenario where multiple extended

objects, which may appear or disappear, are required to be tracked. A Box PF formu-
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lation for this challenging problem is presented. Finally, a performance comparison
of the developed Box PF, with the border parameterised particle filter (BP PF), is
presented over a challenging real dataset based on laser rangefinder measurements.
Chapter 5 begins with an overview of recent advances made in sequential Markov
chain Monte Carlo (SMCMC) for object tracking. The focus then shifts to reduc-
ing the computational burden in situations where an exhaustively large amount of
measurements are observed. The computational complexity for processing the mea-
surements increases significantly with an increase in data. T'wo novel approaches for
reducing this computational burden are presented. The methods based on these ap-
proaches achieve computational efficiency while maintaining accurate estimates. The
first method achieves this through the introduction of adaptive subsampling in the
SMCMC framework; the second and third methods, by merging the expectation prop-
agation (EP) algorithm with the SMCMC and particle filter (PF) frameworks. The
performance of the proposed methods is explored through three detailed examples.
Chapter 6 concludes the thesis with a synopsis of the presented methods and a

discussion of the key results. Avenues for future research are proposed.

1.2 Key Contributions

Here the significant contributions of the thesis are outlined according to chapters of
appearance and are linked to the author’s relevant publications listed in Section 1.3.

Chapter 3 - The contributions in this chapter revolve around the development

of a Box PF and CPF for crowd tracking [P1]:

e For the first time a generalised likelihood function for crowd tracking in clutter
is introduced for the development of the Box PF for crowd tracking. Previous

formulations of the Box PF are related to point target tracking.

e The formulated crowd tracking Box PF represents the posterior state probability
distribution function (pdf) by a mixture of uniform distributions. The number

of components in the mixture distribution is shown to grow with time. An
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efficient approximation of the Box PF, based on the introduction of the relaxed

intersection, is proposed to cope with the growth of mixture components.

e A method to jointly estimate the crowd and clutter measurement rates within

the Box PF framework is proposed.

e Development of an adaptive CPF for crowd tracking which is able to resolve

the data association problem without the measurement rates.

e Extensive comparisons of the developed filters with a state of the art PF with

both a matched rectangular simulator and a realistic crowd simulator.

Chapter 4 - The contributions of this chapter focus on the extension of the Box PF
for multiple extended object tracking [P5]:

e A theoretical proof of the generalised likelihood for multiple extended objects

in the presence of clutter is given based on a binomial expansion.

e The derived generalised likelihood is incorporated into the Bayesian framework,
including a birth/disappearance model for the derivation of the Box PF for

multiple extended objects.

e The formulated multiple extended object tracking Box PF represents the poste-
rior state pdf by a mixture of uniform distributions. The number of components
in the mixture distribution is shown to grow with time. An efficient approxima-
tion of the Box PF, based on the introduction clustering, the relaxed intersection

and resampling, is proposed to curb the growth of mixture components.

e Extensive comparisons of the developed Box PF with a state of the art PF on

real data from laser rangefinder sensors.

Chapter 5 - The contributions of this chapter focus on the development of meth-
ods for efficient object tracking with tall data:
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e Adaptive subsampling has been shown to be a promising technique for the
processing of tall data in static systems. In this thesis adaptive subsampling

was integrated into a SMCMC framework. [P3], [P6].

e In contrast to subsampling approaches, divide and conquer approaches process
batches of data in parallel. The Expectation Propagation algorithm is a powerful
tool which is integrated into SMCMC [P6] and PF [P2]| frameworks to enable

parallel processing of the data.

e Extensive comparisons of the developed filters with state of the art filters for sim-
ulations scenarios including: multiple object tracking with a single sensor [P6],

and object tracking in a sensor network [P2].

1.3 Publications

The author’s publications with relevance to this thesis are outlined below:

Peer Reviewed Journal Publications

[P1] A. De Freitas, L. Mihaylova, A. Gning, D. Angelova, V. Kadirkamanathan,
“Autonomous crowds tracking with box particle filtering and convolution par-

ticle filtering”, Automatica, vol. 69, pp. 380-394, July 2016.

Peer Reviewed Conference Proceedings

[P2] A. De Freitas, L. Mihaylova, “Dealing with Massive Data with a Distributed
Expectation Propagation Particle Filter for Object Tracking”, Proceedings of

the 19th International Conference on Information Fusion, July 2016, pp. 457-
463.

[P3] A. De Freitas, F. Septier, L. Mihaylova, S. Godsill, “How Can Subsampling
Reduce Complexity in Sequential MCMC Methods and Deal with Big Data in
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Target Tracking?”, Proceedings of the 18th International Conference on Infor-

mation Fusion, July 2015, pp. 134 - 141.

[P4] N. Petrov, L. Mihaylova, A. De Freitas, “Crowd tracking with box particle
filtering”, Proceedings of the 17th International Conference on Information Fu-

sion, July 2014, pp. 1- 7.

Journal Publications Under Review

[P5] A. De Freitas, L. Mihaylova, A. Gning, M. Schikora, M. Ulmke, D. Angelova,
W. Koch, “A Box Particle Filter Method for Tracking of Multiple Extended
Objects”, Submitted to IEEE Transactions on Signal Processing, 2016.

[P6] A. De Freitas, F. Septier, L. Mihaylova, “Sequential Markov Chain Monte
Carlo for Bayesian Filtering with Massive Data”, Submitted to IEEE Transac-

tions on Signal Processing, 2016.

Conference Papers Under Review

[P7] A. De Freitas, C. Fritsche, L. Mihaylova, F. Gunnarsson, “A Novel Measure-
ment Processing Approach to the Parallel Expectation Propagation Unscented

Kalman Filter”, Submitted to 20th Int. Conf. on Information Fusion, 2017.



Chapter 2

LITERATURE REVIEW

Object tracking consists of the inference of the unknown characteristics of an
object from measurements collected by a single sensor or multiple sensors. In this
chapter, an overview of methods for object tracking is presented. Methods which
focus specifically on the problem of tracking multiple objects, and handling large

amounts of sensor data, are reviewed in Sections 2.3 and 2.4, respectively.

2.1 The Classical Approach

In the classical approach, a discrete state space model is used to model the motion of
the object and model the relationship between the measurements and the unknown
characteristics of interest. The unknown characteristics of interest are referred to as
the hidden states, and are represented by a hidden Markov process, x; € R"* with
ng the dimension of the state vector, k = 0,...,T" € N represents the discrete time
index, and 7' is the final time step. A transition equation describes how the hidden

states evolve over time:

xp = f(Tr—1, M), (2.1)

where m;, represents a stochastic variable modelling the noise disturbances in the
state dynamics, and f(-) is typically a non-linear function. At each discrete time
step k, a set of measurements are available, z; € R"#, with n, the dimension of the
measurement vector. An observation equation describes the relationship between the

measurements and the hidden states:

2y, = h(zk, &), (2.2)
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where &, represents a stochastic variable modelling the noise disturbances in the
measurements, and h( - ) is typically a non-linear function. A probabilistic equivalent

of (2.1) and (2.2) is given by

xp ~ p(Tp|Tr—1),

2y ~ p(zk|Tk), (2.3)

where ~ is the sampling operator, p(xx|xir_1) and p(zx|xy) represent the transition
pdf and likelihood function, respectively. The most pertinent information about the
hidden state xj, given all the measurements up to and including the current time
step, 21, = (21,...2x), is given by the filtering posterior state pdf, p(xx|z1.x)-

The problem of sequentially updating the filtering posterior state pdf can be over-
come when the filtering posterior state pdf at the previous time step, p(xr_1|z1.6-1),
is known. This is achieved through a two step procedure [8] referred to as the optimal
Bayesian solution. The first step utilises the transition density to obtain a predicted

filtering posterior state pdf:

p(Tg|z16-1) = /P($k|mk—1)p($k—1|Z1:k—1)d$k—1- (2.4)

The second step utilises the likelihood function to obtain the filtering posterior state

pdf:

p(zr|ze)p(Tk|21:0-1)
p(2k|z1h-1)

p(@k|z1r) = : (2.5)

where p(zg|z1,-1) is a normalisation factor. Unfortunately, the optimal Bayesian
solution is rarely available in an analytical form. The most notable case is referred
to as the Kalman filter (KF) [68]. The KF is the optimal Bayesian solution when the
state space model is linear and perturbed by Gaussian noise. Under these conditions,
it can be shown that the filtering posterior state pdf takes on the form of a Gaussian
distribution. Thus the KF simply updates the mean and covariance of the filtering

posterior state pdf given the measurements at each time step. It is also attractive
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due to its computationally efficient implementation.

However, complex systems are typically non-linear and/or contain non-Gaussian
noise. There have been several extensions of the KF for these cases. The two most
notable techniques are referred to as the extended Kalman filter (EKF) [11] and
unscented Kalman filter (UKF) [123]. In general, techniques based on the EKF
take the approach of linearising the state space model. This then allows for the
straightforward application of the KF. The UKF takes a different approach by using a
deterministically selected set of sample points that capture the mean and covariance
of the Gaussian distribution. These points are then propagated through the non-
linear state space model. Unfortunately both of these techniques have limitations in
the degree of non-linearity with which they can operate. They are also still based on
the underlying assumption of the presence of Gaussian noise in the state space model
which leads to a uni-modal filtering posterior state pdf.

Alternative approaches which are more robust to non-linearities and non-Gaussian

noise have been developed and are discussed in the following sections.

2.1.1 Monte Carlo Techniques

In Monte Carlo (MC) simulation, the filtering posterior state pdf can be approximated

by an unweighted set of samples

N

Plalz) = > (e —af)) (2.6)

=

where §(-) is the Dirac delta function, N is the number of samples, (j) the sample
index, and a:,(f ) ~ p(xk|z1.%). Unlike the KF based approaches, MC based approaches
are capable of inference in state space models which are non-linear and/or perturbed
by non-Gaussian noise. The problem is in obtaining the samples from the filtering
posterior state pdf. Two distinct approaches have been developed as solutions to this

problem and are further discussed.
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Sequential Monte Carlo Approach

The sequential MC (SMC) approach [38] refers to all the techniques which rely on
importance sampling as a mechanism for obtaining samples from the filtering posterior

state pdf. In this case a weighted set of samples represent the full posterior state pdf

Do z1) Zw (zok — x5)), (2.7)
where w,gj ) represents the normalised weights, i.e Zjvzl w,(j )= 1. Importance sampling
is a technique for obtaining samples from the unknown posterior state pdf indirectly
by sampling a known proposal distribution. The purpose of the weights is to correct
for the mismatch between the proposal distribution and the posterior state pdf,

' (9)
w’(cﬂ) .. IM (2.8)

Q<m0 k|z1 k)

where a:é],i ~ q(xox|2z1.1), and ¢( ) represents the proposal distribution.

If the proposal distribution can be factored into the following form

Q(-’Bo:k|21:k;) = Q($k|$0:k—1> Zl:k)@l(mo:k—1|21:k—1),

= q(x|Tr-1, 2k)q(Tox-1|215-1) (2.9)
then it has been shown [8] that the weights can be sequentially updated according to

(9) (9)
~ N p(zelx T
w;(f) chl(fj—)lp< ey (x| z;”,)
q(wk \:ck 15 Zk)

(2.10)

With a sequential update of the weights, it is thus possible to obtain a weighted

approximation of the filtering posterior state pdf

Dy z10) = Zw,j)d Gy, (2.11)
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This approach is referred to as the sequential importance sampling (SIS) algorithm

and is illustrated in Algorithm 1.

Algorithm 1 Sequential Importance Sampling

NG () N
Initialise particle set: {woj } and weights: {woj = %}
j=1

j=1
for k=1,...T do
for j=1,..,N do ‘
Sample a:,(f) ~ qk(a:k\:v,(f_)l, Zr)
Update the importance weights according to (2.10).
end for ' '
Pl@ilzie) = 37wy o — )
end for

Although theoretically sound, the SIS algorithm has been found to suffer for larger
values of T'. This is due to the majority of importance weights tending towards a value
of zero. This occurs because the SIS algorithm is essentially sampling from a space
with dimensionality linked to k. Sampling from a space with increasing dimensionality
with a fixed sample size is expected to fail. This problem is referred to as weight
degeneracy.

To overcome the weight degeneracy problem, it was proposed [100, 56] to introduce
a resampling step in the algorithm. This version of the algorithm is commonly referred
to as the sequential importance sampling resampling (SISR) PF. The resampling step
can be implemented in several different ways, but it is typically weighted sampling
with replacement which results in the removal of the samples, also referred to as
particles, with low weights and duplication of particles with high weights. However,
this procedure can also result in a phenomenon called sample impoverishment. Sample
impoverishment refers to when certain particles are too highly favoured resulting in
a large number of duplicated particles. In the extreme case, the particles may all be
duplicates of a single particle. To prevent sample impoverishment, it was proposed
[75] to only apply the resampling step when severe weight degeneracy occurs. A

commonly used measure of weight degeneracy is the effective sample size (ESS), also
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referred to as the number of given by

BES§— — (2.12)

2
Z;'V:l (w/(cj))

The ESS value depicts the number of informative particles. Thus, the ESS should

ideally be equal to the total number of particles. The SISR PF is illustrated by Al-

gorithm 2. It is worth mentioning that after resampling, the SISR PF approximation
of the filtering posterior state pdf is equivalent to (2.6).

Algorithm 2 Sequential Importance Sampling Resampling Particle Filter
N

Y, .
Initialise particle set: {:c(()] )} and weights: {wéj ) = l}

i=1 N
for k=1,...,T do
for j=1,..,N do '
Sample ) ~ gy, (|2 |, z;)
Update the importance weights according to (2.10).
end for
Check for weight degeneracy using a measure such as (2.12).

if Weight degeneracy detected then
AN ‘ N
Resample {w,(f)} , and reset the weights: {w,i”) = i}
i=1

j=1

N
end if ' '
Bl@lzin) = Yoy w o (@, — )

end for

The successful implementation of the SISR PF is largely dependent on two assump-
tions. The first assumption is that the filtering posterior state pdf can be sufficiently
approximated by a discrete set of weighted samples, i.e p(x|z1.x) ~ p(xk|z1.,). This
is dependent on a variety of factors such as the number of particles, N, and the ini-
tialisation of the SISR PF. The second assumption is that samples from the proposal
distribution with importance sampling corrections represent samples from the filter-
ing posterior state pdf. The only real criterion for this to be valid would be that the
support of the proposal distribution and filtering posterior state pdf should coincide.
However, to minimise the amount of weight degeneracy and sample impoverishment, a

proposal distribution which minimises the variance of the importance weights should
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be selected [39]. This is given by
alwelzyy,ze) = plasla! ) (2.13)
Substituting this into (2.10) results in the following weight update
w? o w? /p(zk|wk)p(wk]w,(£1)d:ck. (2.14)

This requires sampling from the ideal proposal distribution and the integration in the
aforementioned equation. However, an analytical form rarely exists for the solution
of this integral. There are several different alternative approaches for selecting the
proposal distribution. Generally these variations are based either on sub-optimal pro-
posal distributions, such as [56] which proposed utilising the state transition density
as the importance distribution, known as the sequential importance resampling (SIR)

PF, or approximations of the optimal proposal distribution, such as [116].

Sequential Markov Chain Monte Carlo Approach

Although SMC approaches such as the PF are used in a wide variety of applications,
the issues introduced by importance sampling can lead to poor performance. This
was one of the primary motivations for the development of SMCMC approaches which
do not require importance sampling.

Markov chain Monte Carlo (MCMC) methods work by constructing a Markov
chain with a desired distribution, also referred to as the target distribution, as the
equilibrium distribution. Two popular MCMC methods used for sampling from a
multivariate probability distribution, 7(x), are the Metropolis-Hastings (MH) algo-
rithm [62] and Gibbs sampling [46]. The MH algorithm first generates a sample from
a known proposal distribution, £* ~ ¢( - [£™!). The proposed sample is accepted as

the current state of the chain, ™, if the following condition is satisfied

m(x*)q(x™ )

m(@mt)g(@*|amt)”

(2.15)
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where u represents a sample from a uniform random variable, u ~ U ;). The previous
state of the chain is stored as the current state, €™ = ™!, when the proposed sample

does not meet this criterion. The MH algorithm is illustrated in Algorithm 3.

Algorithm 3 Metropolis-Hastings Algorithm

1: Initialise Markov chain: ay ~ go( )
2: form =1,...,N do
. Propose * ~ ¢ (x|z™!)

w(m*)q(m”“l |zc*)
» w(@m)g(z*|em)

4:  Compute p = min | 1

m—1

5:  Accept " = x* with probability p, else ™ =«
6: end for
7. T(x) = + Z;VZI §(x — x))

In contrast, the Gibbs sampler is not based on an accept or reject mechanism.
Instead, an approximation is obtained by sampling from the marginal distributions
of the target distribution with the conditioned variables fixed at their current values.

The Gibbs sampler is illustrated in Algorithm 4.

Algorithm 4 Gibbs Sampling

1: Initialise Markov chain: @ ~ qo( - ), where = (21, z2, ..., zn,) .
2: form =1,...,N do
. m m—1 m—1
3~ (z]ay 2t
m m m—1
4 ah e~ (x|l 2
5: :
. m m m
6: xR ~ (de\:cl ,...,defl)
7: end for

8 T(x) =+ Zjvzl §(x — )

The accuracy of the approximation of the target distribution by MCMC methods
increases with an increase in the number of MCMC iterations, N. However, increasing
N increases the computational costs of the methods. It is also suggested to ignore a
number of initial samples, to remove the bias from the initial starting point, referred

to as the burn-in period.
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In [69] it was proposed to assign the filtering posterior state pdf as the equilib-
rium distribution, and to use the MH algorithm to obtain samples that approximate
the distribution. This allows for the iterative update of an approximation of the fil-
tering posterior distribution by representing p(@j_1|2z1.4—1) with a set of unweighted

particles,

N
p(xr-1]z1:4-1) Z Tp—1 —a:k 1) (2.16)

Substituting this result in (2.4) and (2.5) results in the following approximation for
the filtering posterior state pdf:

) 1
plxy|z1k) = NP p(zr|xk) Zp (zplzt)). (2.17)

This procedure is illustrated by Algorithm 5.

Algorithm 5 Sequential Markov Chain Monte Carlo

1: Initialise particle set: {z’ A
2: for k=1,...T do
3: form=1,..N+ N, do
4: Propose ¢} ~ ¢ (a:k|a:m 1)
. o plailz(a] " zi)
5: Compute p = min <1, @ e (wkIwZL 1))
6: Accept " = x} with probability p, else zj* = z}"!
7. end for
8: end for

N-+N, j
0: Plack|zia) = = 00, (@ — )

2.2 The Random Set Statistics Approach

Tracking of multiple individual objects introduces several challenges which the classi-
cal Bayesian approach does not implicitly address. In a multiple object scenario, the
received measurements are typically unlabelled, i.e there is no knowledge of which
object generated each measurement. This is referred to as the data association prob-

lem. Additional complexity in the measurements may exist in the form of clutter,
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which are measurements which do not contain any information about the objects,
and conversely, measurements from objects may not be present due to occlusions or
missed detections. The number of objects at each time step may also vary due to the
objects leaving or entering the range of the sensors used to observe the objects. The
random set statistics approach was developed to directly address these challenges.
The random set statistics approach makes use of random finite sets (RFS). In a
RFS, the number of points is random as well as the points themselves. The points
are also distinct and unordered. A RFS can be completely specified by a discrete
distribution that characterises the number of points, also referred to as the cardinality,
and a family of symmetric joint distributions that characterise the distribution of the
points conditional on the cardinality [79]. Suppose @, represents the state of object
n at discrete time step k taking a value in the state space X C R"=, and z,, , represents
the mth measurement at discrete time step k& taking a value in the observation space
Z C R™. Then the multi-object and multi-measurement state and observation RFSs

are defined as:

Z, = {ZLk’ ---szk,k} < 9:(2-), (218)

where F(X) and F(Z) are finite subspaces containing space and measurement vec-
tors, respectively of X and Z, and N, and M, represent the number of objects and
measurements at time k, respectively.

Analogous to (2.4) and (2.5), the multi-object Bayes recursion can be formulated

as [121]

(X Zi 1) — / (X4 X )7( X 1| Zie )6 X1, (2.19)

q)(Zk\Xk)W(Xk’Zqu)
(Zy| X )7 ( Xy Z1:6-1)0 X,

where 7( - ) represents the multi-object filtering posterior distribution, II(-) denotes
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the multi-object transition density, and ®(-) is the multi-object likelihood density.
Due to the introduction of RFSs, the notion of integration and densities is different
compared to the classical approach. A full description of RF'S operations and densities
can be found in [79]. The multi-object filtering posterior distribution is typically in-
tractable. As such, approximations of the multi-object filtering posterior distribution

have been developed.

The Probability Hypothesis Density Filter

Since propagating the full multi-object posterior density in time is intractable, it has
been proposed [77] to propagate the first order statistical moment of the multi-object
posterior state, also referred to as the probability hypothesis density (PHD), as an
approximation. The PHD is a density function defined on the single object states

x € X. The predictive step for the intensity function, vy, is given by

Vb (@) = / D8t (C) Fipr (@ )0t (O)E + (@), (2.21)

where pg kx—1(¢) is the survival probability of the object at time &k given the previous
state ¢, fir—1(-|¢) is the single object transition density at time & given the previous
state ¢, and 7x( - ) is the intensity of spontaneous birth. The update equation is given

by

vp(x) = |1 —ppi(x) + XZ: f_kale g (2 ‘w()zK)dC Vkje—1(), (2.22)

where pp () represents the probability of detection given a state x at time k, g ( - |x)
is the likelihood of a measurement given a state x at time k, and k(- ) is the intensity
of clutter measurements. The following list describes the assumptions in the model

which make (2.21) and (2.22) valid [81]:

e The measurements from each object are independent of the other objects.

e The birth RFS and survival RFS are independent.
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e The clutter RFS is Poisson and independent of the object states.

e The prior and predicted multiobject RFSs are Poisson.

There is typically no analytical form for the PHD recursion, with the exception being
for linear Gaussian multi-object models. For general non-linear multi-object models,
an option is to use an SMC implementation of the PHD recursion [121], or alterna-
tively, approximate the PHD with a weighted mixture of Gaussian distributions and

use a KF based approach [120].

2.3 Multiple Object Tracking

In multiple object tracking it is required to jointly track a group of objects. A group
of objects can be further defined as either a small or large group. The focus in
small group tracking is on the tracking of each individual object in the group. In
the case where the objects are traveling within a group formation, it may also be of
interest to infer the group structure in addition. In large group tracking, the number
of objects is considered too large to track each object. This may be due to limited
information from sensors i.e. limited sensor resolution, the degeneration of techniques
when considering a large number of objects, or due to an overwhelming computational
burden. Techniques used for large group tracking assume that the motion of the group
is coordinated. In this case, the focus of large group tracking techniques shifts away
from tracking the individual objects to tracking the group as a whole as well as
inferring other characteristics of the group. This includes estimation of the shape,
size and orientation [84]. Figure 2.1 represents a taxonomy of the methods applied

to the tracking of multiple objects.

2.3.1 Small Group Tracking
Independent Object Tracking Approaches

Techniques based on the assumption that the motion and measurements from each

object are independent are referred to as standard multiple object tracking techniques.
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before detect
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approaches
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Figure 2.1: Taxonomy of multiple object tracking, adapted from [84].

In this case, each object can be individually tracked by an appropriate filter. There
are several traditional approaches which consist of a mechanism for resolving the data
association, and tracking the individual objects conditioned on the data association.
In this case, the dimensionality of the state vector remains fixed and the number of
individual filters may vary depending on if the algorithm is capable of handling a
varying number of objects. Classical techniques include: the global nearest neigh-
bour filter [37], the joint probabilistic data association filter [10], and the multiple
hypothesis tracking filter [97].

Joint State Space Approaches

An alternative approach is to consider a joint state space model. In this approach
the state vector consists of the hidden states for all of the objects. The disadvantage
of using a joint state space is that the performance of the techniques identified in

Section 2.1.1 are related to the dimensionality of the state space. A notable and well
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studied case is the PF, which has been shown to require an exponential increase in the
number of particles to match performance with an increase in dimensionality of the
state space [113]. This places an inherent limit on the number of individual objects
which can be tracked.

There has been substantial interest in extending the general PF to applications
which consist of a high dimensional state vector. An example is the application of
data assimilation in the field of geosciences. The models used are typically non-linear
and can consist of millions of dimensions. The success of SMC approaches has been
limited due to weight degeneracy. Research has focused mainly on optimising the
proposal density [25, 2]. In [2] the equal weight PF was proposed. The strategy
of the equal weight PF is to adapt the proposal density in such a manner that the
generated particles are equipped with almost equal weights. Several other general
approaches were proposed in [116, 93] and more recently [111, 28]. Practically, the
optimal proposal distribution can improve filter performance but it does not overcome
weight degeneracy in high dimensional models [112]. This is because it does not
address the underlying problem that the importance sampling paradigm is inefficient
in high dimensional models. It has been proposed to incorporate MCMC algorithms
within the PF framework to further increase filter performance in high dimensional
systems. In [50] it was proposed to introduce an MH step after resampling. This helps
rejuvenate the set of particles by reducing path degeneracy. In [55] it was proposed
to combine MCMC with the introduction of intermediate distributions between the
prior and likelihood, referred to as a bridging densities. This results in the gradual
introduction of the likelihood, which when combined with MCMC techniques, has
shown promising results. In [34, 35] the concept of bridging is extended to describe
distributions between the prior and posterior, referred to as the particle flow PF.
This approach theoretically overcomes the weight degeneracy problem. However, the
practical implementation of these methods require many approximations. Another
set of approaches are referred to as local PFs [85, 96]. These approaches partition the

state space so that individual PFs can be run on the lower dimensional spaces. These
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techniques rely on the assumption that the state space can be appropriately factorised.
Similarly, in [19], an approach referred to as the space-time PF is presented. In this
approach the model is assumed to have a weaker factorisation in comparison with local
PFs. The likelihood is gradually introduced as the filter moves along both the state
space and time index. Another interesting PF variant is the Box PF which combines
interval analysis with the PF [1, 54]. In this approach each particle is referred to
as a box and has a non-zero volume in the state space. This approach has only
been applied to low dimensional systems yet has been identified [84] as a promising
candidate for higher dimensional models. The standard SMCMC approach has been
shown to be more robust to higher dimensional systems when compared with standard
PF approaches. In [109, 44] further improvements have been made to the SMCMC
approach to specifically improve performance in high dimensional systems. This is
achieved through the introduction of Langevin diffusion and Hamiltonian dynamics.

In object tracking, there are two cases which require a joint state space model. The
first case is when the individual object states are related, i.e. dropping the assumption
of object motion independence. This allows for more elaborate and accurate models
for the motion. This is normally taken into account through the object state dynamics.
In [69] and [115] this was done through the introduction of Markov random fields and
the social force model, respectively. The second case is when the likelihood is in a form
which requires the joint evaluation of all the measurements. This typically has the
advantage of implicitly solving the data association problem with the disadvantage
of requiring a joint state space. A common likelihood which meets this criteria is the
generalised likelihood proposed in [49]. Tt is applicable in models which consist of a
Poisson point process for the measurements from the objects and clutter.

An additional challenge associated with the joint state space approach is that the
size of the state vector is generally required to be fixed, fixing the number of objects.
To overcome the restricted size of the state vector, it was proposed in [108] to set the
dimensionality of the state vector to correspond to the maximum number of objects

with the introduction of an indicator state which describes if an object is within the
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region being monitored by the sensor. Another option would be to utilise reversible
jump techniques [5] which allow for a variable size of the state vector in an MCMC
based approach. The authors in [69, 64] propose the introduction of a variable related
to the dimensionality of the state space for each particle, allowing for a variable size
of state space in PF applications. The Random set statistics approach [77] utilises
RFSs to overcome these challenges at the expense of increasing the complexity of

Bayes filter.

Small Groups with Coordinated Motion

An interesting extension is when the motion of the individual objects is coordinated.
In addition to unique motion models which capture the relationships between the
motion of the individual objects (e.g inspired by complex biological systems [33]),
further information can also be inferred about the group of individual objects. An
example would be the structure of a coordinated group. Multiple coordinated groups
may also be present in the same scenario. This introduces new challenges, such as the
merging of two or more coordinated groups, or conversely, a coordinated group could
split into multiple coordinated groups. The classical sequential Bayesian formulation
in (2.4) and (2.5) can be manipulated to include the sequential inference of an ad-
ditional parameter describing the structure of a group. In [90] the group structure
was sequentially updated with the states of the objects using a SMCMC method. In
[52] the group structure was represented as a random graph which was sequentially
updated with the states of the objects using a SMC method. The group structure
was inferred in [32] using a Gaussian mixture PHD filter which identifies the group

objects and utilises a random graph to represent the group structure.

2.3.2  Large Group Tracking

In terms of measurement modelling, large group tracking is essentially identical to the
tracking of extended objects. Large groups and extended objects are characterised

by their size, in contrast to point objects ([84, 57]) where the whole is approximated
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with a single point. They generate multiple measurements, where the number varies
in time. While tracking point objects has been widely studied, and efficient solu-
tions are developed, the problem of large group and extended object tracking is still
challenging and requires new efficient approaches. The methods for large groups and
extended object tracking can be broadly classified into several categories: RF'S statis-
tics methods (the PHD filter [80, 59], Cardinality PHD filter [76], multi-Bernoulli
Filters [18] etc.), SMC and MCMC methods [84], and analytical type of methods
[15, 16].

There are also results with different types of data: radar [7], image and video [31],
laser range sensors [58], LIDAR data (radioactive clouds [108]) and others.

Various models for the representation of the shape of a group or extended object
have been explored. In [7], the shape of an extended object is modelled as an ellipse
and the parameters of the ellipse are directly related to the measurements. The
concept of a spatial distribution over the group or object extent was introduced in [49],
where the parameters specify the region of the spatial distribution. This concept has
also been applied in a track-before-detect setting for extended object tracking [26].
In [71], the extent parameter is represented by a random matrix. In [17], the shape
of an extended object is described by an implicit function instead of in a parametric
form. Similarly, the shape contour describing the extent of an object is modelled with
a Gaussian Process in [122].

A specific large group of interest is a crowd of pedestrians with complex coor-
dinated motion. Recent results for the modelling, simulation and visual analysis of
crowds are presented in [3] from the point of view of computer vision, transportation
systems and surveillance. The social force model [82] has been used to model be-
haviour of pedestrians, including the evacuation of people through bottlenecks. The
social force model has also been combined with some filtering techniques for multiple-

target tracking in [91].
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2.4 Dealing with Tall Data

Datasets containing massive amounts of data points, referred to as tall datasets [13],
can cause excessive computational burdens to traditional statistical methods. Several
approaches have been developed to reduce this computational expense, e.g. for regres-
sion and classification problems, a random forest approach [47] has been proposed.

In object tracking applications, information rich sensors result in a large amount
of data that is required to be processed. In certain applications it may be possible to
reduce the amount of data through feature extraction [127]. This is only useful when
portions of the data are redundant or non-informative. The focus in this thesis is in
dealing with a large amount of informative and non-redundant data. Tracking appli-
cations are typically time sensitive. In a Bayesian framework, the filtering posterior
state pdf is updated at each time step. This limits the amount of processing time
that a tracking algorithm has to process the measurements received at each time step.
Naturally, the more measurements received, the more processing time is required to
evaluate them.

Research on efficient implementations of SMC methods have focused on making
the structure of the PF parallel [27], particularly the resampling step [74], which
can then be used in distributed processing applications [95]. However, this typically
requires approximations to achieve a solution and still requires the evaluation of all the
measurements. Other related research focuses on likelihoods which are complex and
do not have an analytical form, such as the approximate Bayesian calculation PF [36]
and the CPF [99]. These algorithms require the comparison of all the measurements
with sampled measurements.

In MCMC simulation, there have been several different approaches proposed for
dealing with large amounts of data. The proposed methods can be categorised as
either parallel or sequential strategies.

In terms of parallel strategies, there are two general approaches which have been
proposed. The first approach is referred to as blocking. These techniques focus

on parallelising specific steps in the MCMC approach. In [114] it was proposed to



2.4 Dealing with Tall Data 25

parallelise the computation of the likelihood. This is restrictive in terms of the model
used, and requires a large amount of communication between the processors. The
second approach is referred to as divide and conquer. Techniques based on divide
and conquer focus on subdividing the measurements and running separate MCMC
samplers in parallel on each subdivided set of measurements. The samples from the
separate MCMC samplers, referred to as local samples, are then combined to obtain
samples from the complete posterior state pdf, referred to as global samples. The
divide and conquer techniques differ in how the local samples are combined to obtain
the global samples. In [105], global samples are obtained as a weighted average of the
local samples. This approach is only theoretically valid under a Gaussian assumption.
In [89], the local posterior from the separate MCMC samplers is approximated as
Gaussian or with a Gaussian kernel density estimation. Global samples can then be
obtained through the product of the local densities. This idea is further developed in
[124] by representing the discrete kernel density estimation as a continuous Weierstrass
transform. In [87], the combination is based on the geometric median of the local
posteriors which are approximated with Weiszfeld’s algorithm by embedding the local
posteriors in a reproducing kernel Hilbert space. Divide and conquer techniques
typically struggle in applications where the local posteriors substantially differ, and if
they do not satisfy Gaussian assumptions. In [126, 45] a divide and conquer strategy
was proposed which attempts to overcome the challenge of differing local posteriors,
and relaxing the Gaussian assumption to a more general assumption of a posterior
state pdf from the exponential family. The approach is based on the EP algorithm. In
this iterative approach, the separate MCMC samplers exchange sufficient statistics,
resulting in each individual MCMC sampler converging to the global posterior.
Sequential strategies rely on subsampling mechanisms, such as pseudo likelihoods
[6, 94] or confidence intervals [12, 72], to perform inference using MCMC techniques

based only on a certain subsample of all the measurements.
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2.5 Summary

In this chapter a literature review covering a wide range of aspects related to object
tracking in complex systems was presented. This began with the general Bayesian
formulation for object tracking, where the solution is encapsulated by the posterior
state pdf. Since model complexities typically result in a lack of availability of an
analytical solution, a wide variety of approximate methods have been proposed. These
methods approximate the posterior state pdf with a set of discrete samples. The two
most common approaches rely on SIS or MCMC to obtain samples that represent the
posterior state pdf.

The focus then shifted specifically towards multiple object tracking, where differ-
ent approaches for small group and large group tracking were considered. This also
included a brief overview of an alternative tracking formulation, based on random
finite sets. In addition, problems associated with a large number of measurements,
referred to as tall data, were explored and approaches specifically developed for deal-
ing with tall data were reviewed.

The computational complexity of object tracking approaches is generally linked
to the complexity of the models. For example, in the particle flow filter it is required
to numerically integrate complex partial differential equations. In sampling based
approaches (such as the PF and SMCMC), the computational complexity increases
with the dimensionality of the state space. The Box PF is a computationally efficient
variant of the PF which is based on an approximation of the posterior state pdf with
a weighted uniform mixture. The computational gain is based on the ability of the
Box PF to utilise a significantly smaller number of uniform components relative to
the number of particles utilised in standard approaches. This is at the expense of
the introduction of specialised bounded arithmetic, referred to as interval analysis.
The advantage is that, compared to other basis function filters, such as the Gaussian
mixture filter [4], interval analysis can aid in overcoming nonlinearities in the state
space model. The CPF is also an efficient variant of the PF that does not require an

explicit expression for the likelihood function. However, neither of these filters have



2.5 Summary 27

been previously considered for the challenging problem of dynamic crowd tracking
considered in the following chapter.

Advances in processing of tall data for static MCMC simulation, and the flexible
structure of SMCMC for object tracking form the basis of the developments in a later
chapter.



Chapter 3

EFFICIENT PARTICLE APPROACHES
FOR CROWD TRACKING

In this chapter, the problem of collectively tracking a large number of objects, re-
ferred to as a crowd, is considered. Section 3.1 begins with the problem formulation.
Inference based on the Bayesian framework for the proposed state space model is
presented in Section 3.2. Section 3.3 introduces the fundamentals of interval analysis
and the Box PF for tracking point objects without clutter. The Box PF is a com-
bination of interval analysis with the standard PF framework. Two novel methods
are developed in Sections 3.4 and 3.6, based on the Box PF and CPF frameworks,
respectively, to achieve efficient inference. Finally, numerical studies are presented for

a generic group object simulator and realistic crowd simulator in Section 3.7.

3.1 State Space Modelling of a Crowd

By extending the general state space model described in Section 2.1, the characteris-
tics of a crowd of objects and the observed scene that are required to be inferred at

each time step k, can be represented by an augmented state vector:
T

where X, is the kinematic vector of the centre of the crowd, and ©y, is the parameter
vector which characterises the crowd extent. Multiple measurements are received
from the crowd and from clutter at each time step, thus the state vector includes Ay

which is the measurement rate vector. The notation (-)' is the transpose operator.

28
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Without loss of generality, the kinematic vector consists of the position coordinates
and the velocity of the centre of the crowd, and the extent of the crowd is appoximated

by a rectangle. The resulting kinematic vector has the following form:

Xy = (Th, Toy Uy Ue) | (3.2)

where (zg,yx), are the position coordinates, and (7, yx) are the respective velocity

components of the crowd centroid. The parameter vector is given by:
@k = (ak, bk)T (33)

where a; and by represent the lengths of the sides of the rectangle in the x and y

dimensions, respectively. The measurement rate vector is represented by:
e = (A, Aok) | (3.4)
where Arj and A¢, represents the crowd and clutter measurement rates, respectively.

Crowd Dynamics Model

The motion of the centre of the crowd is modelled by a correlated velocity model.
The correlated velocity model is related to the Singer model [110] and jerk model [83]
with the difference being that the velocity component is correlated in time and that
the second and other higher order derivatives of position are negligible. The evolution

model for the kinematic state of the crowd is represented mathematically by
Xy = AXy 1 + My, (3.5)

where 1, represents the system dynamics noise. The state transition matrix is given
by

1 - s
s (I—emh)

® I (3.6)
0 e—Ts
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where T is the sampling interval, ® denotes the Kronecker product, I,, denotes the
n X n identity matrix, and « is the reciprocal of the velocity correlation time constant.

The covariance of the system dynamics noise 1 can be modelled as

Q=2u02| ™ M| g, (3.7)

q12 422

where o2 is the variance of the velocity of the crowd centroid for a single dimension

and
1 —aT. —2aT.
qn—ﬁ(lle s 3—e S+205TS),
1
q12:T«2(6—2aTé+1_26 aTs)’ (3 8)
1 2aT,
o = 5 (17T

The evolution for the crowd extent is assumed to be a random walk model, described
by
O = Op_1 + My, (3.9)

where the parameter noise 7, ;. is zero-mean Gaussian distributed with covariance 3.

3.1.1 Observation Model

In this chapter it is assumed that the digital sensor observes the crowd from a van-
tage point which results in the origin of measurements from within a confined area.
However, other scenarios, such as the case where the measurements only come from
the border, are considered in a related problem in Chapter 4.

The total number of measurements M., obtained at each time step from the sensor
consists of the My, number of measurements, originating from the crowd and M¢
clutter measurements, i.e. My = My + Mcy. The number of measurements My,
originating from the crowd is considered as a Poisson-distributed random variable
with mean value of the crowd rate, Ary, i.e., Mry ~ Poisson(Ary). Similarly, the

number of clutter measurements is Moy ~ Poisson(Acy). The My, measurements
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originating from the crowd are uniformly located in the area represented by the crowd.
The Mc¢, clutter measurements are uniformly located in the region about the crowd.

In crowd tracking, the measurement equation in (2.2), which directly relates the
states to the measurements is not available. The approach followed here is to relate the
observations indirectly to the states through the sensor characteristics and the object
model. The sensor characteristics describe the relationship between the measurement
point m, m = 1, ..., M} and the measurement source in a Cartesian coordinate system

and is of the form:

Znk = W(Ymx) + &k, (3.10)

where ﬁ() is the measurement function and y,, 1, = (2, Ymx) ' denotes the Cartesian
coordinates of the measurement source in a two dimensional space. In this chapter

the following model is considered:
Zmk = Hym,k + €k’a (311)

where H = I,, and the measurement noise &, = (&1, 527k)T, is assumed to be Gaus-
sian, with a known covariance matrix R = diag(c?,05). The vector of an interval
measurement is [z, 1] = ([21.m4); [22.mk]) T, Where [21m] and [29,,4] are the inter-
vals of the m-th measurement point. One way to describe these components is by

representing the noise terms in equation (3.10) as intervals:

§16) = [—301, +301],

[Eo,5] = [—302, +303]. (3.12)

At each time step k, the M}, interval measurements are combined into a set of intervals
12 = {14 [zl

Each measurement originates from either random clutter or the crowd but its
origin is unknown. The object model describes the relationship between the states

and the measurement sources for the Mp; measurements that originate from the
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crowd. As previously described, the measurement sources are uniformly distributed
across the region which exhibits measurements, and this region is represented by the

states through the following probability density:

The support of the uniform distribution describes two independent regions which

cover the area of the rectangle used to approximate the extent of the crowd:

. zk_%§$m7k§xk+%v
q(xy) = vy ) n (3.14)
Ye — % S Ymk S Uk + 5

3.2 Inference in a Bayesian Framework for Crowd Tracking

Similarly to the steps in (2.4) and (2.5), the posterior state pdf for the extended state

vector described by (3.1) can be updated sequentially based on a prediction step,

P(CelZ1i—1) = /p(Ck’Ck—l>p(Ck—l|Z1:k—1)de—1 (3.15)

followed by an update step,

P(Zk|Cr)p(Cel Z1:—1) .

Zy) = 3.16
PG| Z1) P(Zy| Zy.5-1) (3.16)
For further notational convenience, the marginal state is defined as follows:
T
zy = (X,),0,) . (3.17)

In this application the posterior state pdf can be further factored into the following

form:

P(Ckl Z1k) = p(@k| Z1ks M) P A1k Z1:1)D( A | Z1::).- (3.18)

This factorisation implicitly states that the crowd and clutter measurement rates are
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independent of the kinematics and extent of the crowd. This is true for the clutter
measurement rate but not necessarily valid for the crowd measurement rate. However,
the variance of the prior distribution for the crowd rate is sufficient to represent the
variation of the number of measurements over time.

It has been shown that an analytical recursive Bayesian solution exists for the
estimation of the mean of a Poisson distribution, based on using the conjugate prior
Gamma distribution [60]. The crowd and clutter measurement rates are estimated
based on this concept!, and the focus of this chapter thus lies on the calculation of the
marginal posterior distribution for the states representing the kinematics and extent

of the crowd, p(xk|Z1.k, Ar), using novel Box PF and CPF methods.

3.3 Review of Interval Analysis and the Box Particle Filter

Prior to the introduction of the Box PF based method for crowd tracking, an intro-

duction to general interval analysis and the standard Box PF is presented.

3.3.1 Interval Analysis

A real interval, [z], is defined as a closed and connected subset of the set R:

[7] = [z,7] = {z e R|z <z < T}, (3.19)

where x and T define the lower and upper limits of the subset and are referred to
as the infimum and supremum. The length, or size, of an interval, i.e. T — x, is
represented by |[z]|. In an n-dimensional space, an interval vector (or box) is denoted
by [z] with & € R™. This is equivalent to the Cartesian product of n intervals, i.e.
[x] = [x1] X [xa] X ...[x,]. Set-theoretic operations, such as the intersection or union
of sets, can be directly applied to boxes.

The standard binary operators, e.g. {+,—,\, X}, have been extended to boxes

[67] and results in a new box, i.e. [z] = [x] ¢ [y], where ¢ denotes a binary operator.

IRefer to Appendix A.3 for more information on crowd and clutter measurement rate estimation.
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However, passing a box through a more general function, g( - ), may lead to a region
which cannot be described by a box. One approach is to approximate this region
with a box which encloses the region. A function with output corresponding to this
approximation is referred to as an inclusion function, [g](-), where g([x]) C [g]([x]).
The minimal inclusion function has the tightest possible bound on the region. One of
the challenges associated with interval analysis is in finding an inclusion function suf-
ficiently close to the minimal inclusion function at a minimal computational expense
[67].

Another challenge of interest is in solving a CSP. Consider a prior box [x] C R"*,
and a set of constraints on the state space of the form g(x) = 0. The CSP involves
finding the region enclosing the set [x], which satisfies the set of constraints. The
CSP H is formulated as:

H:(g(x) =0,z € [x]). (3.20)

The solution set that satisfies H is defined as

S:(xelx]|g(x)=0), (3.21)

and may not necessarily be a box. In general, finding 8 is computationally intractable.
Solving the CSP, in an interval framework, involves finding the smallest box, [x*],
which encloses §, i.e. § C [z2*] C [x]. Finding an enclosing box, [z'], smaller
than the prior box, with [x*] C [2/] C [z], can be achieved through an operation
referred to as a contraction, with the optimal contraction resulting in [#'] = [x*]. A
contractor for JH is any operator which results in contraction of the prior box. A wide
variety of contractors exist [67]. Selection of a contractor is dependent on the type
of constraints in H{. Computationally, the complexity of a contractor can be kept

polynomial in time and space.
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3.3.2 The Classic Box Particle Filter

The standard PF represents the posterior state pdf with a set of weighted particles,
where each particle has a zero volume in the state space. In contrast, the Box PF
consists of a weighted set of box particles, where each box particle represents a region
with controllable volume in the state space. The Box PF approximates the posterior

state pdf with a mixture of uniform pdfs [51]:

p(xk|z11) Zw =) ). (3.22)

where Up(-) is a multivariate uniform distribution defined on the region of the box
[x]. Initially at time step k, only an expression for the posterior state pdf at time
step k — 1 is available. The first step to finding the posterior state pdf at time step
k consists of finding an expression for the predictive posterior state pdf, p(xx|z1.6-1),

via the time update in (2.4):
p(xr|z1:6-1) N/ (g |T)—1 Zwk 1U[ ® ](ﬂﬁk 1)dxy 1
/() wk|ack 1) p (mk_l)dl‘k_l. (323)

An inclusion function, [f](-), exists for the transition function, f(-), in (2.1) when

the noise is bounded, i.e. [nx]. If the pth box particle at time step k& — 1 is defined

on the region, ;1 € [a:,(cp )1] then the inclusion function can be used to obtain the

region of the box particle at time step k, o, € [f]([zc,(f)l] [M])-
In the classical Box PF, each of the terms represented by the integral in (3.23) is

approximated by a single uniform pdf component [51],

/[x]ip_)l] p($k|$k—l)U[w,(ijl}(mk_l)dwk_l IS U[f]([m(p) I )(wk‘) (324)

%]
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Combining (3.23) and (3.24) gives the predictive posterior state pdf:

p(xk|z1x-1) Zwkl mlt [w““um])( t)

= Zwk 1U ", (zk). (3.25)
p=1

The accuracy of the approximation of each pdf term with a single uniform pdf compo-
nent may not be sufficient. It has been shown [51] that a more accurate representation
can be utilised by approximating each term with a mixture of uniform pdfs if required.
Finally, the posterior state pdf, p(xx|2z1.x), can be obtained through the application

of the measurement update step to the predictive posterior state pdf in (3.25). In the
classical Box PF, it is assumed that the likelihood function in (2.3), p(zx|xx), can be
represented by a mixture of uniform pdfs. Without loss of generality, it is represented
in this section with a single uniform pdf, such that the box measurement [z, contains
all realisations of (2.2). Accordingly, the likelihood function is then represented by,
p(zk|zr) = Uz, (h(x)). Given this expression, utilising (2.5) results in the following

expression for the posterior state pdf:

1
p(xg|z1x) = a—p(zklmk)p(mklzl:k_l)
k

1 »)
T a — Upz (h(r) Zwk 1U gljl)v 1](33k)

k =1
Lrlk—1

N
1
:a_kzw/(f’—)lU[zk](h(wk))U o (@), (3.26)
p=1

where o, is a normalising constant. Each of the terms within the summation is also

a constant function with a support being the following region,

Sp = {@i € (@] | Alay) € 2]} (3.27)

Equation (3.27) represents a constraint as defined in Section 3.3.1, thus leading to
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(»)

k‘kfl] from

a CSP. A contractor can be utilised to reduce the predicted supports [z
the time update pdf, p(xx|z1._1), with the constraints imposed by the measurement

box, [zx], and likelihood function. The contraction leads to the definition of a new

set of box particles, denoted {[me ) ] 1]0\]:1, which approximate the posterior state pdf
p(xk|z1.,) at time k. Thus, the posterior state pdf expression in (3.26) can be further

developed to take into consideration the contracted box particles:

L o L 1
p(@k|z1k) = fzwk_lu T 15ellUs, (@)
xTr

Ok p=1 <l | I(cl|)k—1
N
1 w» 1 1 (»)
N — wy —— ||z U T
o & Tl g et
)]
o Y wf U (@) (3.28)
p=1 JEr

Comparing the posterior state pdf expressions in (3.22) and (3.28), the relationship
between the weights at time step k£ — 1 and k is

(p)
w? o w,(f)l%. (3.29)
=0
In summary, the posterior state pdf is approximated by {(w,(f ), [a:,(f )]) ;V:l.

3.4 The Box Particle Filter for Crowd Tracking

The prediction step for the crowd tracking Box PF follows the same spirit as de-
scribed by equations (3.23) to (3.25). However, when dealing with multiple object
originated measurements and clutter measurements, the update step is required to be
re-derived. The generalised likelihood for the Poisson rate measurement and clutter

model described in Section 3.1.1 is given by [49]

il ATk
P(Zy, Ap|xy) = H 1+ P(Zm k| Tk)

= Pk
m=l (3.30)
’ il ATk
- 11 <1+ e f p(zm,k|ym,k>p<ym,k\xk>dym,k),

m=1
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Ac,k
Ac

where p = represents the clutter density and As denotes the area of the region
where clutter may be emitted from.

The sensor characteristics are approximated with a uniform pdf,

P(Zm kel Ymp) = Uz, i) (7& (ym,k)) : (3.31)
Substituting this equation and (3.13) into (3.30), results in

My,

hY -
p(ZkaAk‘zk) = H <1 + ;;;k /U[zm,k] <h (ym,k)> Uq(mk)(ym,k)dym,k> (332)

m=1

The updated marginal posterior distribution for crowd tracking can then be expressed

with the equation:
1
p(k| Zg, Ak) = a—kp(Zm Al i) (k| Z1g—1, Ak—1)
| M,
- (») U
o ,gl( it 10T

A ~

=5 U @)Uz, (h (ym,k)) UQ(ka)(ym,k)dym,k) : (3.33)

Pk klk—1

Each of the M; product terms, U[;c(P> ](a:k)U[zm n (71 (ymk)> Ugar)(Ym,i), s also a
k|k—1 !

constant function with a support being the following region S, ,, C R", where

Span = {@r € (2] | Yk € a(@r), b (Youp) € [2mil} (3:34)

Equation (3.34) represents a constraint as defined in Section 3.3.1, thus leading to

a CSP. A contractor can be utilised to reduce the predicted supports [a:,(j,)gfl] with the

constraints imposed by the interval measurements, [Z], sensor characteristics, and

object model. The contraction leads to M; new boxes denoted [z!"™)].
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Following the definition of the sets S, in (3.34),

U[w(l’) }(wk)U[zm,k] (il (ym,k>) UtI(mk)(ym,k)

k|k—1
- 1
= Ve (B @W)) Uie @) — 51851 U, o (1),
[@yp ]
; ]
= U[Zm,k} (h (ym,k‘)> Uq(wk)(ym,k)TU[miPﬂ")](mk)a (335)
|[$k\k_1]|

since by definition [a:,(f ’m)] is the smallest box containing S, ,,. Substituting (3.35) in

(3.33) leads to the following updated expression for the posterior state pdf:

My
p(@k| 21k, Ar) = Zwk 1H< e }(mkH‘

Lhlk—1
m_

ATkuwﬁ’Hr

O |[ U[m,(f’m)}(mk) / U[zmyk] (h (ym,k)) Uq(mk)<ym,k)dym,k>' (336)

‘”k|k 1l

The integration terms are approximated by a uniform distribution,

/U[Zm,k] <l~7J (ym,k)) Uq(mk)(ym,k)dym,k = Upr(ay) (zm,k) ) (3.37)

where r(xy) represents an interval dependent on the states and measurement function.
The validity of this assumption is explored in Appendix A. The posterior state pdf

can thus be expanded accordingly:

L S ) |
p(@k| Zrks Ak) = Zwk 1 H o (@) +— ]U[xip,m](wk)

o\ Prje pr i)l |z 1]
(p k Mk m Mk—m
Z%(@mlm)+z§x @)
m=1 j=1
(psi)

A
H Tk ’T(; ; HCBk Jl U[m(p,i)}(wk’))' (3.38)
ieA;" Pk k H k|k 1” k

where A™ = {A}",j € H}, with J = {1,2,..., (Agf)} and AT C 8 : [A}'| = m, where
8 ={1,2,..., My}. For example, if M} = 3 and m = 2 then A™ = {{1,2},{1,3},{2,3}}.
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The posterior state pdf is a weighted sum of uniform pdfs. The number of weighted
uniform pdf’s increases exponentially with the number of measurements, which can
render the algorithm too computationally expensive for a large number of measure-
ments. Typically, there is a large disparity between the weights of the summed uniform

pdfs. This allows for the approximation of the posterior pdf by a single uniform pdf for

ATk
prlr(i)l|[zg) ]|

This term is maximised when all the measurements are assumed to originate from the

each box particle. The dominating term in the uniform pdf weights is

crowd. In this case, the posterior state pdf is approximated by:

(psi)

N
1 () Arge 1 =y
p(®r]| Zig, Ak) = — g w,” ’ U e (®r) | - (3.39)
' ap & ! 1}5 pr (@)l [ _ ]| )

The multiplication of uniform pdfs can be further simplified to obtain a single uniform
pdf with a corresponding weight. This includes the intersection of the intervals of all

the uniform pdfs:

N (psi) (psi)
() Arg 1 ;)]\ | Nies [z57]]
p(mk|zl:ka>\k)oczwk,1 H ; U (P (xg)
= s Pi Ir@e)l el 1] ] e ] Mesloe )
S ATk (p:i)
“Zwkp—1 H : | Nies [wkp’Z”U. 220 (x). (3.40)
et s prlr(@|lf) ]| Mieale™]

However, this intersection result typically does not exist or leads to a poor contraction
due to the implicit assumption that the measurements originate from the crowd. A
more robust approximation for the posterior state pdf, which does not require explicit

knowledge of the origin of a measurement, is given by:

AR My—(I8%|—q)
P(Tk| Z1k, M) = Zwkp_l (U[wl(cpi 1}(93;@)) X
p=1 a
/\T,k {q}

Uy (@), (3.41)
n. P

[N ies'?)
ZGS(EP>[ k

(p)
ies) prlr (@)l
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where S(E]f) is the set of indices for the contracted boxes, [:El(f 7)71], that exist?, and ¢ is

the maximum number of clutter measurements indexed by S(g). The symbol qu is
the g-relaxed intersection first introduced in [66] to aid in the processing of clutter
measurements in a purely interval framework.

The difference between the posterior pdf represented by equations (3.38) and (3.41)
is highlighted graphically through an example in figure 3.1.

In summary, p(xi|Zi.x, A\) is approximated by {(w,(f’), [a:fcp)]) 1, where

{a} i
@) =1, ies®) ). (3.42)
and
) My~ (|82 |-q) Ap »
p p
wy, ocwk 1 (U[ fffx)c 1](wk)> e )H[:B T '], (3.43)
ies® PIT Lk klk—1

The Box PF method for crowd tracking is summarised in Algorithm 6.

3.4.1 Box Particle Filter Implementation Considerations

Interval Contraction: In general, an important step in interval based techniques used
for state estimation is interval contraction [66]. In the Box PF it is required to
obtain the contracted box particles by solving the CSP described by equation (3.34).
Without loss of generality, the Constraints Propagation (CP) technique [67] is the
contractor utilised throughout this thesis. The main advantages of the CP method
is its efficiency, especially in the presence of measurements and constraints which are
highly redundant. The CP algorithm, which in this application is the calculation of
the intersection of the box states for each particle with all the interval measurements,
is illustrated in Algorithm 7.

Box PF Resampling: Generally, in particle filtering, there are a variety of different

2Measurements which result in a contraction of the state that does not exist are located a signif-
icant distance from the state and are considered to be clutter measurements.
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Predicted box particle:

| k]
Contraction result for measurement 1:
Contraction result for measurement 2:

Contraction result for measurement 3:

[213]

Posterior state pdf:

— Eq. (3.38) = ="'Eq. (3.41)

Figure 3.1: Illustration of the difference between the posterior state pdf represented by
equations (3.38) and (3.41). This example consists of 3 measurements (measurement 3
represents a clutter measurement), a single state dimension, and a single box particle.

resampling schemes available [74]. Based on the weights, a particle is replicated a
specific number of times. The Box PF differs by dividing a selected box particle into
smaller box-particles as many times as it was to be replicated. Several subdivision
strategies exist. In this thesis the box particles are subdivided based on the dimension
with the largest box face.

Relazed Intersection Considerations: The parameter ¢ is introduced in equation
(3.41). This specifies the maximum number of clutter measurements that result in a
contraction of the states that exists. These are the clutter measurements which are
located in the vicinity of the boundary of the crowd. The area in the measurement
space where a measurement can result in a contraction of the state that exists is

dependent on the size of the box particle. An estimate for ¢ is given by:

A
q= Pr 4CT. (3.45)
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Algorithm 6 The Box Particle Filter for Crowd Tracking

1: Initialisation

2: Initialise the set of box particles, {[x;"]

PN

p—1, sampling from the prior distribution.

3: for k =1,....T do

4:  Prediction

5:  Generate the predicted box particles, {[m,(ﬁfl] évzl, by propagating the box par-
ticles through the state evolution model and applying interval inclusion func-
tions as described in [67, 65].

6: Measurement Update

7:  Upon the receipt of new measurements:

8:  Convert the measurements into a set of measurement boxes, [Zy].

9:  Solve the CSP, as described in Section 3.4.1, to obtain the contracted box
particles [z"™).

10:  Determine [ac,(f)] according to (3.42).

11:  Update the weights {w,(f) 1 according to (3.43).

122 Output

13:  Obtain an estimate for the state of the crowd through:

N
@] =) w5 (3.44)
p=1

Further, a point estimate for the state can be obtained as the midpoint of the
box estimate of the state.

14:  Resampling

15:  Compute the effective sample size in (2.12)

16:  If ESS < Nipresn (With e.g. Nipresn = 2N/3), then resample the box particles
by division, and reset the weights: {w,(f )} =1/N.

17: end for

The estimated clutter measurement rate is used:

Ak
0 = —— .46
’ Acr’ (3.46)

where the area of the clutter region is given by Acg = Ag — Ap, Ag is the total

area observed by the sensor, and Ar is the area of the crowd, approximated from

the estimate of the crowd at the previous time instant, £k — 1. For the given crowd
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tracking problem, the area Aot is given by:

_ (») (p) - (p) (p)
a a b b
ACT:<<<x§€p)+ ; )_(ﬁlgp)_ g >>(<y2p+ g)_<y’gp)_ g)))
(p) (p) (p) (p)
ay, ay, by by,
B (((xlgp) ' 7) R (xl(ﬁp) B ?>) ((ylgp) ' ?> R (ylgp) - 7)))

The factor of 4 in equation (3.45) was introduced to take into account that the area
Acr also includes the region inside of the crowd, where no clutter measurements are
found. It is important to note that the algorithm is fairly robust to the value of ¢ as
this represents a maximum number of clutter points, and not the actual number of

clutter points.

3.5 Review of the Convolution Particle Filter

The CPF approach relies on convolution kernel density estimation and regularisation
of the distributions, respectively, of the states and measurements [99, 29, 119]. The
CPF belongs to a class of PFs with valuable advantages: simultaneous estimation of
state variables and unknown parameters and continuous approximation of the corre-
sponding pdf. Being likelihood free filters makes them attractive for solving complex
problems where the likelihood is not available for evaluation in an analytical form.
Considering the state space model of (2.1) and (2.2), an alternative form for the

posterior state pdf is given by

play]z1x) = fp]zzk:llk‘;;wk (3.49)

Assume that it is possible to sample from the prior state pdf, i.e. w(()i) ~ p(xo) where

i =1,.., N. Sampling recursively a k number of times from (2.3) results in the sample

sets of {w,(;) N and {zﬁk}f\il.The samples represent an empirical estimate of the joint



3.5 Review of the Convolution Particle Filter 45
Algorithm 7 CP algorithm for Rectangularly Shaped Crowds
1: Input: [2], [, [Zmk].
2: Let [#P"™] = [2!”], and DONE = FALSE.
3: while DONE == FALSE do
4:  Contract the intervals with each constraint:
a/(pvm)]
™) = ™0 ferma) F 55— (0,1
(p,m) (p)
[j;(pym)] _ [x-.(p,m)] N [xkp ] - [Ikp—l]
k k al_l(l _ e—Oész) )
() _ [ (p) b
[ykn ] = [ykp, ] N [ZQ,m,k] + k2 : [07 1] )
(pym) (p)
.(pom)) __ r.-(p,m) [yk ]_[ k—l]
W 1= [ox 10 0%(1 —emTs) )7
(3.48)

5. If convergence criterion is met (e.g. difference in the size of pre-contracted and
contracted boxes is below a threshold), DONE = TRUE.

6: end while
7. Output: [m,ip’m)].

pdf,

ﬁ(wku zl:k) ~ p(wkv zl:k)

N
1 7 )
— N Z(S(mk — wé),zlzk — Z%?C)
i=1

(3.50)



46 Efficient Particle Approaches for Crowd Tracking

A kernel estimate for the joint state pdf, pf (xy, z1.), is obtained through the convo-

lution of the empirical estimate in (3.50) with a suitable kernel

i (Tk, 21:8) = Pk, 214) * K,

N
1 x i z i
= 2 Kitlw — 2 K (20 — 213, (3.51)
i=1

where * represents the convolution operator, K, K, and K7 are Parzen-Ronsenblatt
kernels of appropriate dimensions, and K} (2., — z%) = H?Zl Ki(z;— zy)) . Finally
this results in the following kernel approximation of the posterior state pdf in (3.49)
A — N i
_ S K — o) K (2 — 2))

K
pr; (@x|z10) = - - (3.52)
Zz]'il Ki (21 — Z%:;c)

Based on this principal, a recursive algorithm for the CPF, including a resampling

step, is summarised in Algorithm 8.

3.6 The Convolution Particle Filter for Crowd Tracking

In this Section an adaptive CPF algorithm for crowds tracking is developed. The
key novelty of the proposed adaptive CPF algorithm and the advantage of using it
for crowd tracking is: ) its ability to efficiently deal with multiple measurements,
including a high level of clutter, 7i) ability to resolve data association problems, with-
out the need to estimate clutter parameters, i) estimation of dynamically changing
parameters of crowds jointly with the dynamic kinematic states.

For the purposes of crowds tracking the marginal posterior state pdf has to be
calculated and can be expressed to be independent of the clutter and measurement

rates, reducing the expression from equation (3.18) to:

P(Cel| Z1k) = p(@k| Z1.4) (A k| Z1:k ) p( Aok | Z1 1) - (3.54)

The focus is then on obtaining a kernel estimate of p(xx|Z1.) in order to extract
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Algorithm 8 The Standard Convolution Particle Filter

1: Inatialisation

2. Initialise the set of particles, {z
3: for k=1,..T do

4: for:=1,..N do

Prediction “

State sampling: x, Np(:vk|:vk 1)

Measurement sampling: z,i) ~ p(zk|mk )

Measurement Update

weight update: w,i = w,(c)lKZ(z;€ - z,i))
10:  end for

11:  QOutput

12:  Obtain an estimate for the state through:

N

»—1, sampling from the prior distribution.

Zwk o’ (3.53)

where w(p ) is the normalised weight of particle i.

13: Resampl’mg

14:  Compute the effective sample size in (2.12)

15:  If ESS < Nypresn (With e.g. Nyppresn = 2N/3), then resample particles, and reset
the weights: {w,(f) N, =1/N.

16: end for

estimates for the kinematics and extent of the crowd.

The formulation of the CPF for crowds tracking follows the same sampling and
kernel principles as in (3.49) to (3.52). However, when dealing with point objects, a
point in the state space corresponds to a single point in the measurement space, ac-
cording to the model in (2.2). In contrast, in the application of crowd tracking, a point
in the state space translates into a region in the measurement space, through (3.13).
The role of the measurement kernel in the CPF can be interpreted as a mechanism
of assigning a likelihood to a measurement. In the point object case this likelihood
varies in the measurement space according to the sampled measurement point and
the parameters of the kernel. However, in the crowd tracking case a likely region in
the measurement space is already specified. The densities that describe the sensor

characteristics and object model can be used to obtain an approximate region in the
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measurement space for each predicted particle, and are thus equivalent to the ker-
nel. In this case the bandwidth of the kernel varies according to the state, resulting
in a variable bandwidth which adds additional flexibility to the CPF while also re-
moving the need to specify a bandwidth parameter. In this application the kernel is
approximated as a variable uniform distribution.

An advantage of the proposed CPF framework is that it implicitly resolves the
data association problem. Since there are multiple measurements assumed to be
independent, the weights of individual measurements are multiplied to obtain a single
weight for the particle. However, clutter measurements may occur outside of the
support of the adaptive uniform kernel. This would result in particles having a weight
of 0 when evaluated by the kernel. To overcome this, the adaptive uniform kernel
based on the crowd is added with a uniform distribution which covers the entire
observation area of the sensor. The advantage to such an approach is that it removes
the need for the estimation of the clutter and measurement rates when only the
kinematic states and extent parameters are of interest. The weights are updated

sequentially according to

My,
w = w ) T] K7 (2ma)- (3.55)
m=1
For the crowd tracking problem presented, the kernel K7 (z,, ) is a compositional

kernel comprised of a sum of two uniform pdfs:
K7 (z1) = Ucs(zx) + Uss(zr), (3.56)

where the support S5 is the entire region observed by the sensor, and the support
CS is related to the location of crowd measurements given the particle state. The
proposed region is r(xy), as described in Appendix A.

A detailed description of the CPF for crowd tracking is given in Algorithm 9.
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Algorithm 9 The Convolution Particle Filter for Crowd Tracking

1: Initialisation

2. Initialise the set of particles, {z

N

»—1, sampling from the prior distribution.

3: for k=1,..T do

4: for:=1,..N do
5 Prediction ' '
6 State sampling: ' ~ p(xi|z!”,)
7 Determine the kernel parameters: r(:c,(j))
8 Measurement Update
9 Update the particle weight, wi, according to (3.55)
10: end for
11:  QOutput
12:  Obtain an estimate for the state of the crowd through:
N
=Y ozl (3.57)
p=1
where w,(f’ ) is the normalised weight of particle p.
13:  Resampling
14:  Compute the effective sample size in (2.12)
15 If ESS < Nypresn (With e.g. Nyppesn, = 2IN/3), then resample particles, and reset
the weights: {wlip)}évzl =1/N.
16: end for

3.7 Performance Evaluation

In this Section the performance of the crowd tracking Box PF and CPF are com-

pared with the SIR PF described in Section 2.1.1, utilising the generalised likelihood

in (3.30). The performance evaluation is done using simulated measurements data.

3.7.1  Computing Platform

The algorithms are implemented in the interpreted MATLAB language environment.

Simulations are performed on a mobile computer with Intel(R) Core(TM) i7-4702HQ
CPU @ 2.20GHz (4 cores, 8 threads) with 16GB of DDR3 RAM. The Mersenne

Twister pseudo-random noise generator, with a seed based on the current time, is

used to generate noise when required.
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3.7.2 Test Environment

Two different crowd simulations were used to demonstrate the performance.

Rectangular Group Object Simulator: A crowd with a rectangular extent located
in a two dimensional plane. The centre of the crowd undergoes motion according to a
correlated velocity model. The lengths of the sides of the crowd vary at each time step
according to a random walk. Crowd measurements comprise of a number of points
uniformly located within the confines of the crowd at each time step. In addition to
the crowd measurements, clutter measurements are also present, uniformly located in
a region about the crowd.

Realistic Crowd Simulator: Individuals within the crowd are represented as points
moving in a two dimensional space. The dynamics of the group is determined by forces
acting on those individuals: forces of attraction towards one or more static ‘goal’
points; constrained forces of repulsion between the elements of the group; constrained
forces of repulsion from a set of linear contextual constraints. The net effect is that a
crowd of individuals will move in a reasonably realistic manner between constraints.
The simulator outputs a set of points corresponding to the positions of each individual
in the crowd at each sampling step. The positions of the individuals represent the
measurement sources. Additionally, clutter measurements are also present, uniformly

located in a region about the crowd.

3.7.83  Rectangular Group Object Simulator Results

This section presents results based on the Rectangular group object simulator. The

parameters are as follows:

o Simulation: The mean number of measurement sources: Ay = 100, Simulation
time duration: 7" = 40 s, Sampling time, Ts = 0.125 s, Initial rectangular object
kinematic state: Xy = (100 m, 0 m/s, 100 m, 0 m/s)", Initial rectangular object
extent parameters: @ = (40 m,40 m) ", Crowd centre dynamics parameters:

Velocity correlation time constant, 1., = 15 s, Velocity standard deviation pa-
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Opz = Opy = X i Oy = 0p =
rameters, g, v = 10 m/s, Group extent dynamics parameters

1 m per time step.

o Sensor: Measurement uncertainty: o,, = o0,, = 0.1 m. Clutter parameters:
Clutter density, p = 1 x 1072, Clutter area = Circular region with radius of 100

m about the centre of the crowd subtracted by the area of the crowd.

o Filter Parameters: The CPF and SIR PF utilise a uniform distribution for
each state to initialise the particles. In the case of the Box PF, the same
uniform region where the CPF and SIR PF randomly generate particles from is
subdivided so that the entire region is encompassed by all the box particles. This
region for each state is: xép) = [zo — 50; 29 + 50] m, x'(()p) = [2o — 10; &9+ 10] m/s,
ys = [yo — 50; o+ 50] m, ) = [ — 10; 5+ 10] m/s, ai’ = [ao — 30; ag + 30] m,
and b = [by — 30; by + 30] m.

The root mean square error (RMSE) of the filter estimates are illustrated in this
section. The RMSE values for each time step are calculated over a number of MC

simulation runs according to

Nyce

1 :
RMSE = | —— & — x|, 3.58
Fe 2 18—l (358)

where «; is the ground truth, &; is the filter estimate, and Nj;¢ represents the number
of MC runs.

The first set of results illustrate how the filters perform when estimating the
marginal posterior state pdf, p(ax|Z1.k, Ax), with measurement and clutter rates as-
sumed known. Only 4 box particles are required to track the crowd. For comparison,
the CPF and SIR PF were also run with 4 particles, however, this resulted in con-
sistent filter divergence due to particle degeneracy. Instead the number of particles
were selected based on achieving a similar computational expense for all algorithms.
The number of MC runs is 100. The resultant RMSE values are illustrated in Figure

3.2. The comparison of the computational complexity for these results are presented
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Table 3.1: MATLAB computational time corresponding to the results in Figure 3.2.

Algorithm | Computation Time (s)
Box PF 13.47
CPF 14.43
SIR PF 13.01

in Table 3.1. It is worth noting that the implementation of the Box PF utilises the
INTLAB toolbox [101] for performing interval operations. INTLAB was initially de-
signed and optimised for estimating rounding errors. Utilising alternative methods
for the interval operations could significantly reduce the computational complexity
of the Box PF. The Box PF and CPF are able to lock on to the crowd significantly
faster than the SIR PF. It is noted that the RMSE is generally higher for the Box PF
once all filters have locked onto the crowd. This can be attributed to the approxima-
tions made in the derivation of the marginal posterior state pdf. The SIR PF is also
matched in terms of the model noise and likelihood expression.

A computational complexity analysis for Box PFs for point objects, can be found
for Bernoulli filters in [53] and with a PHD filter [102]. In these works it is shown
that the Box PF for point object tracking requires a significantly smaller number of
box particles compared with the particles needed in the Bernoulli and PHD filters,
including an even greater computational saving.

The second set of results re-iterate the experiment with a significant increase in the
number of particles for the CPF and SIR PF in order to improve tracking performance
with an increase in computational expense. The resultant RMSE values are illustrated
in Figure 3.3, and the computational cost comparison for these results are presented
in Table 3.2. Increasing the number of particles in the CPF and SIR PF decrease the
amount of time required to lock on to the crowd, however, the faster lock comes at a

significantly larger computational burden.
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Figure 3.2: Comparison of the RMSE for the states of the Box PF, CPF and SIR PF
with equal computational complexity.
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Figure 3.2: Comparison of the RMSE for the states of the Box PF, CPF and SIR PF
with equal computational complexity.(cont.)
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Figure 3.2: Comparison of the RMSE for the states of the Box PF, CPF and SIR PF
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Figure 3.3: Comparison of the RMSE for the states of the Box PF, CPF and SIR PF

for maximised performance.
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Figure 3.3: Comparison of the RMSE for the states of the Box PF, CPF and SIR PF
for maximised performance. (cont.)
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Table 3.2: MATLAB computational time corresponding to the results in Figure 3.3.

Algorithm | Computation Time (s)
Box PF 13.47
CPF 42.16
SIR PF 45.58

Table 3.3: MATLAB computational time corresponding to the results in Figure 3.4.

Number of Box Particles | Computation Time (s)
4 13.47
16 25.22

The third set of results focuses on the effect of jointly estimating the crowd and
clutter measurement rates on the Box PF performance. This is compared with the
performance of the Box PF for the ideal case where crowd and clutter measurement
rates are known. The resultant RMSE values are illustrated in Figure 3.4. The
computational cost comparison for these results are presented in Table 3.3. The joint
estimation results in an increase in the time required to lock onto the crowd, however,
this is overcome by increasing the number of box particles at the cost of an increased

computational burden.

3.7.4 The Realistic Crowd Simulator Results

In the realistic crowd simulator the crowd moves through a corridor which consists
of a bottleneck. The crowd is initialised at the entrance of the bottleneck. This is
illustrated in Figure 3.5. In this section a comparison between the Box PF and CPF
is presented to illustrate the filters operation on the realistic crowd simulator. The
SIR PF is not included since it is incapable of operating without knowledge of the
crowd and clutter measurements which are not available in a realistic situation. The

parameters for the simulations are as follows:
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Figure 3.4: Comparison of the RMSE for the states of the Box PF with crowd and
clutter rate estimation.
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Figure 3.4: Comparison of the RMSE for the states of the Box PF with crowd and
clutter rate estimation. (cont.)
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Figure 3.4: Comparison of the RMSE for the states of the Box PF with crowd and
clutter rate estimation. (cont.)
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Figure 3.5: Initialisation of the realistic crowd simulator.

o Simulation: The number of entities in the crowd: Ny = 100, Simulation time

duration: 7" = 150 s, Sampling time, T, = 0.125 s,

e Sensor: Measurement uncertainty: o,, = o,, = 0.1 m, Clutter parameters:
Clutter density, p = 1 x 1073, Clutter area = Circular region with radius of 100

m about the centre of the crowd,

e [ilter Parameters: Number of box particles: N = 16, Number of CPF parti-
cles: N = 1000, Crowd centre dynamics parameters: Velocity correlation time
constant, T,, = 30 s, Velocity standard deviation parameters, o,, = o0,, =
1 m/s, Group extent dynamics parameters o, = 0, = 0.1 m per time step.
Measurement uncertainties: matched to the sensor parameters. Initialisation:

Initialised in the same manner as for the rectangular group object simulator.

The RMSE for each state, based on the ground truth extracted from the crowd
measurements, are illustrated in Figure 3.6 for both the Box PF and CPF. The
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number of MC runs is 50. The crowd moves through the bottleneck in the vicinity
of 60 seconds. Initially, the CPF struggles to lock on to the crowd. Once locked,
and after the crowd has passed through the bottleneck, the RMSE for the length
corresponding to side a is increased. This is due to several crowd entities spreading
out further away from the majority of the crowd and thus being mistaken as a clutter

measurements.

3.8 Summary

In this chapter the challenging problem of tracking a large number of objects, referred
to as a crowd, was considered. In a crowd, it is assumed that the objects maintain
a certain pattern of motion that is sufficiently described by the kinematics of the
centroid of the crowd. From a modelling perspective, this allows for the crowd to
be treated as a single entity with an extent which varies with time. The state space
model consists of the kinematics of the centroid of the crowd, the dynamic parameters
which describe a shape approximating the extent of the crowd, and the measurement
rates.

Two novel methods, based on the Bayesian framework, were presented. Both
techniques rely on particle approximations since complexities in the state space model
prevent an analytical solution from existing. The first method is based on a Box PF
approach. The Box PF approach is a combination of SMC and interval analysis. The
Box PF method relies on the concept of box particles which have a non-zero volume
in the state space. This translates into a much lower number of box particles being
required to represent the posterior state pdf when compared to standard particle
approaches. Previously, a rigorous solution for the Box PF approach has only been
available for the point target model without clutter. In this chapter a solution is
derived for the crowd tracking problem.

The second method presented is based on the CPF approach. The proposed CPF
is able to deal with multiple measurements, including a high level of clutter. The

CPF is able to resolve the data association problem without the need of estimating
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Figure 3.6: RMSE of the Box PF and CPF estimates for the realistic crowd simulator.
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Figure 3.6: RMSE of the Box PF and CPF estimates for the realistic crowd simulator.
(cont.)
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Figure 3.6: RMSE of the Box PF and CPF estimates for the realistic crowd simulator.

(cont.)
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Figure 3.6: RMSE of the Box PF and CPF estimates for the realistic crowd simulator.
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the measurement rates.

The performance of both methods was analysed in two experiments. The first
experiment was based on a simulated crowd which directly matched the state space
model. The second experiment was based on a realistic crowd simulator where a
group of objects moved through a bottle neck. The experiment results showed that
the Box PF and CPF require a significantly smaller number of (box) particles than

the SIR PF, and are also more robust to initialisation errors.



Chapter 4

MULTIPLE EXTENDED OBJECT
TRACKING

The focus of the previous chapter is on the crowd tracking problem where so-
lutions are presented based on the proposed Box PF and CPF. In this chapter the
related problem of extended object tracking is considered. This problem can be for-
mulated in the same way, however, the focus in this chapter is on dealing with the
unique challenges which are present when considering multiple extended objects. The
superior performance of the Box PF is illustrated in Section 3.7 thus motivating the
work in this chapter which focuses on a Box PF method for multiple extended object
tracking. For the first time it is shown how interval based approaches can be used
to deal with data association by reducing the computational complexity in the data
association process. The method presented in this chapter is based on a novel SMC
approach for multiple extended object tracking. This is in contrast to several RFS
approaches which have been proposed. An overview of these approaches has been
recently presented in [57]. In Section 4.1 details of the general problem formulation
for multiple extended object tracking are given. Section 4.2 includes more specific
details on circular extended object modelling. In Section 4.3 details of the BP PF are
presented. In Section 4.4 the Box PF for multiple object tracking is presented. An

evaluation of the effectiveness of the proposed method is described in Section 4.5.

71
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4.1 Multiple Extended Object Tracking as State and Parameter Esti-

mation

The multiple extended object tracking problem can be formulated as joint state and
parameter estimation in the presence of multiple measurements coming simultane-
ously from the border or surface of multiple objects. It is also considered that some
of the measurements may not originate from an object, in this case referred to as clut-
ter. The latent states of all the objects are combined into a single state vector with
fixed dimension, @}, = (@] ,,2;,,..., %y, ;) , Np represents the maximum number
of extended objects.

In extended object tracking, each extended object sub-state vector is defined as
Tk = (XZT,C,GZTk)T The subset of states, X, includes all the states related to
the kinematics (e.g. position coordinates, velocities) of the centroid of motion of
the object. This typically includes the position, velocity and any other higher order
position derivatives defined by the motion model. The subset of states, ©; , includes
all the parameters used to model the extent of the object. This allows for the extent
of the object to be represented by a variety of parametric shapes.

In a similar fashion to Chapter 3, an unordered set of measurements is collected
at each time step, k, Zy = {21k, 22 - .. Zm, 1 . Here the measurements also originate
from either an object or clutter, however, since we have multiple objects the overall

number of measurements is given by My = > ."" M., + Mc .

4.1.1 Birth and Disappearance of Fxtended Objects

In multiple object tracking, an object may enter or leave the area observed by the
sensors at any time. This is referred to as the birth or death of an object, respectively.
To cater for a varying number of extended objects, a binary variable representing
the existence of each extended object is introduced, inspired by [118, 107], e, =

(e1ks €2k -.-enp k) With ;5 € {0,1}. The existence variable, e; , evolves according
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to a Markov chain with the following property,

P, when e;;, = ¢,

pleigleir1 =1) = (4.1)

1 — P, otherwise,

where P, represents the probability of existence.

4.1.2  Problem Formulation within the Bayesian Framework

Similarly to the steps in (2.4) and (2.5), the posterior state pdf for the extended state

T

vector, sy = (z,€} )", can be updated sequentially based on a prediction step,

p(Sk|Z1k-1) = /p(3k|3k—1)p(3k:—1|lek—1)dsk—17 (4.2)

followed by an update step

p(Zy|sk)p(8k| Z1:1-1)
p(Zi| Z1.k-1) ’

p(sk|Z1k) = (4.3)

where p(8i|Z1.x_1) is the predictive posterior state pdf, p(sg|sg_1) is the state tran-
sition pdf, p(Z|sk) is the likelihood function and p(Zy|Zi..—1) is a normalisation

factor.

4.2 Circular Extended Object Modelling

Consider the tracking of extended objects in a two dimensional plane with a circular
extent, without loss of generality. Each objects system sub-states corresponding to
the kinematics of the object is a vector, X, = (2;x, jti,k,yivk,ym)ﬂ which includes
the position coordinates, (x;x, ¥; k), and respective velocity components, (&;, ¥i ), of
the extended object. In this scenario the subset of states that includes the parameters
used to model the extent of the object reduces to a scalar representing the radius of

the object, ©; 1 = R, .
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4.2.1 State Transition Representation
The state transition pdf can be further factorised as:

Nr

p(sklsk-1) = H p(@i k| Tig—1, €i ks €ip—1)p(€igleir—1)- (4.4)
i=1

The sub-state transition pdf for the ith object is defined as:

(T | i -1, €1 ks €i 1) =
Pu(Ti k) {€ir,€ip—1}=1{1,0}
pa(Tik) {eir} = {0} (4.5)
p(xikl®in—1) {eir €ir—1}=1{11},

where py(x; 1) and py(; ;) is the probability of an object birth and death respectively,
and p(x; x|z; k1) represents the motion of existent extended objects. In this chapter
the nearly constant velocity motion model [11] is considered as a representation of

this motion. In two dimensions, the state of the object is then given by

Xir=AX;1+TInx, (4.6)
T
‘ 1 T, T2/2 T, 0 0
where A = diag(A;, Ay), A = , ' = , T
0 1 0 0 T2 T,

is the sampling interval and nx ~ N(0,Qx) is the system dynamics noise, with
covariance matrix Qx. It is assumed that Qx = diag(Qlai,Qlas), where Q1 =
T4 T3/2

T3/2 T?
dinate, respectively. The evolution model for the extent parameter is assumed to

be

and o, and o, are the standard deviations for the z and y coor-

Oir = 60,51+ N0, (4.7)

)

where ng ~ N(0,0%).



4.2 Circular Extended Object Modelling 75

4.2.2  Likelihood Representation

The likelihood in equation (4.3) can be calculated in various ways with different data
association algorithms. One of the best approaches, which alleviates the combinatorial
complexity in data association, is proposed in [48]. It adopts Poisson assumptions of
the number of measurements originated from the objects and the number of clutter
points. This is an extension of the generalised likelihood function used in Section
3.4, which is equivalent to only considering a single extended object. This generalised

likelihood function is of the form

e~ 2ieg ATy M
p(Zi|sk) = M H p+ Z ATip(ZmklTik) | (4.8)
' i€d

m=1

where J denotes a set corresponding to the index of active objects at the current time
step, p = ;\1_2 is the clutter density, and p(z, x|®:x) is the measurement likelihood for
a single object.

Consider a scenario where multiple sensors observe the extended objects. The
state of sensor s is given by Tsy = (T, Ysk, @1k, Qak) , where (T x, Usx) are the
sensor position coordinates, o , and oy represent two parameters defining the angle
of view of the sensor. When an extended object is visible from sensor s, the sensor
states and object system sub-states geometrically define the visible border of the
extended object, Vi(@;x, s ). The angles ay x and ag g, geometrically define another

two angles 0, 1, 02 that specify the visible border of the extended object,
Vk(a:i,k, is,k) = (wi,k -+ Ri,k COS(Hk), yi,k + Ri,k sin(ﬁk)), (4.9)

where 0, € [0, 02]. For a single time instance k, the jth measurement is related to
a specific point on the visible surface of an extended object. This point is referred to
as the jth point source and denoted by V;Jk Selecting a specific value from the angle

set i.e. «9% € [01 k,02x], results in the following description of the jth point source,

V]k = (zix+ Rig cos(@i), Yik + Rik sin(éi)). (4.10)

)

The measurement z;; collected from a sensor is in polar coordinates and con-

sists of range df; and bearing ﬁi The observation equation with respect to the jth
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measurement can then be written in the form:
zjg = (d, B)" = MV} + wy, (4.11)

where h(-) is a non-linear function

; \/(Hﬁi,k + Ripcos(0]) — T )% + (yig + Rigsin(6]) — s 1)
h(‘/;’k) - tan—! <yi,k+Ri,k sin(6]) =T,k ) : (4.12)

x4 k+ Rk cos(0])—Ts i

The measurement noise w;, = (w},,w},)", is assumed to be Gaussian, with a
known covariance matrix X = diag(cy, 03).

The measurement likelihood for a single object consists of the combination of two

pdfs,

p(2slin) / P23 VI (Vi i) V7, (4.13)

where p(zjk|Vl]k) denotes the likelihood of the measurement given a point source, and
p(‘/;]k\zczk) is the likelihood of the point source given the object sub-states.

One simplified assumption about the distribution of the point sources of measure-
ments, given the object sub-states and the sensor states, is a uniform distribution

along the region Vi (x;x, s ), visible from the sensor position, i.e.

' 1
(Vi) Vi@ @ r) (Vi) [Vi(2ig, Tsro)l] (1)

where Uy, (¢, ..z, ,)(-) is a uniform pdf with the support Vi.(x;x, €5 1) and || Vi(xik, s r)||
denotes some measure of the region Vi(x;x, Ts ), such as the Euclidean norm.

A typical assumption about the noise associated with a sensor is a Gaussian dis-
tribution, i.e. p(z]k|Vljk) = N(zi; h(V;Jk), 3), where h(Vl]k) is the mean, and ¥ is the

covariance matrix.
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4.3 The Border Parameterised Particle Filter

No analytical solution exists for the prediction and updating of the posterior state pdf
in (4.2) and (4.3) due to the complexities in the state space model. Therefore, MC
methods that approximate the posterior state pdf are considered. One such method
is the SIR PF, as described in Section 2.1.1, which approximates the posterior state
pdf with a weighted set of particles [8]

Sk|Z1 -k Zwk < Sk — Slgp)> s (415)

where d(-) is the Dirac delta function, and the weights, {w,(€ N

that 3, wi” = 1.

" ,, are normalised so

However, since the measurement likelihood for a single object, p(z;|®i ), is an-
alytically intractable, a MC method is used to approximate it. This modified SIR
PF is referred to as the BP PF [92]. Measurement sources from the visible surface
Vi(x; k, s 1) of each existent object are required to be sampled. For each particle ex-
istent object subspace, wgfz‘kfl, the support of p(V, k\wl el 1) is defined by a uniform
distribution over the angular range [¢ 4,02 ] of the visible border Vk(wgf;)lk_l, Ts k)

with respect to the object center. Then a sampled point source can be obtained by

first sampling from:

{ 07 }N’F (U[el o 02.i] (%)) (4.16)

b=1,f=1

followed by the substitution of {Q(b o )} into equation (4.10), resulting in a
b=1,f=1

F
random set of samples denoted as J, = {Vf kb (. )} , where F' is the number of
b=1,f=1

samples from the object border. The Monte Carlo approximation for the measurement
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likelihood for a single object is then given by:

peslel ) = [ pealVip(VEl2l, )avi,
1 .
~ = > plzl V). (4.17)
ngEHk

The BP PF algorithm for multiple extended object tracking is summarised in Algo-
rithm 10.

Algorithm 10 The Border Parameterised Particle Filter for Multiple Extended Ob-
ject Tracking

1. Initialisation

2. Initialise the set of particles, {s”’
3: for k=1,..T do

4:  Prediction

5. Propagate the particles, {s,(ﬁl}év:l with the state transition pdf (equation (4.4))

N

p—1, sampling from the prior distribution.

to obtain the predicted particles, {3;(5;)@71}53\[:1-
6: Measurement Update
Upon the receipt of new measurements:

8:  Evaluate the measurement likelihood for a single object, p(z; )

mupk|k:—1)’ ac-
cording to (4.17) for all the measurements within the observability region of
the sensor and all objects.

9:  Calculate the weights {w,(f ) évzl using terms from the previous step and equa-
tion (4.8).

10:  Qutput

11:  Calculate the estimated state vector Zy based on the maximum weight:

#, = argmaxw'” (4.18)
Ty

12:  Resampling If ESS < Nypresn (With e.g. Nypresn = 2N/3) resample the
particles. Finally, reset the weights: w,(gp ) =1 /N.
13: end for

4.4 The Box Particle Filter for Multiple Extended Object Tracking

In contrast to the Box PF for crowd tracking derived in Section 3.4, the Box PF in

this Section is developed to track multiple extended objects with measurements from
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the surface of the objects. It is important to note that the states of s corresponding
to the existence variables, ey, are still considered to have zero area in the state space.
The prediction step for the multiple extended object Box PF follows the same spirit
as described by equations (3.23) to (3.25), with an inclusion function based on (4.6).

4.4.1 Box Particle Filter Likelihood for Multiple FExtended Objects

Brute Force Approach: As noted in Section 4.2.2, the likelihood of a measurement
given a point source, p(zmx|V;}), is typically assumed to be Gaussian distributed.
However, since the measurement noise is supposed to be bounded in the Box PF, a
likelihood box is defined as a set containing the measurement and the noise bound-
aries. The interval measurements vector is [z;,] = ([di],[3)])7, where [d]] is the
interval range and [ﬁi] is the interval bearing of the measurement point 7. One way

to describe these components is:

[di] = d?c + [—30'(1, +30’d],

8] = B + [~305, +304]. (4.19)
The likelihood can then be described by a uniform distribution,
p(ZiklViR) = U, (R (VR)) - (4.20)

As in the general PF, the update step for the Box PF assigns a weighting to each
of the predicted box particles. However, it is also required to apply a contractor to
each of the predicted box particles, as described in Section 3.3. Contraction is used
to eliminate regions of the predicted box particles which are not consistent with the
object emitted measurements. This is a challenging task when dealing with extended
objects and clutter. To define the weight updates and contraction, it is required to
derive an expression for the posterior state pdf.

Proposition 1: An alternative form of the generalised likelihood function of equa-
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tion (4.8) is given by,

EZ j T7‘ ‘j‘m
e €
p(zlog) = o s S S | COTSRVCET)
m=1 j=1 n=1
(4.21)
: o My ()
where the notation | - | denotes the cardinality of a set, ((@m,j),%,);21" i a sequence

of sequences corresponding to the index for all combinations of measurements, and

((By ) Mk 1)‘,1‘ | is a sequence of sequences corresponding to the index for all existent
object to measurement associations. Proof: See Appendiz B.

Ezxample: consider a state vector for the case of when there are a maximum of three
extended objects, where currently only the first and third objects exist, i.e. J = {1, 3},
with two measurements. The sequences are thus defined as: (a11) = (1); (a12) = (2);

(02,1) = (1,2); (bl,l) = (1); (bl,z) = (3); (bz,l) = (1,1); (bz,z) = (1,3); (52,3) = (3,1);

(b24) = (3,3), resulting in the following generalised likelihood expression:

e—(Ar,1+AT3)

p(Zy|sk) = 51

<P2 + pArap(z1 k| ®1 k) + pAT3D(Z1 k(T3 k) + pATID(Z2 8|21 1)

k) T AT AT ap(z1 kT k)p(22.k |2 8 )+

+ pArap(za k@3 k) + A7 p(21 kT D(

A1 3AT1p(21 k|23 k) P(22,kT1 k) + A?r,sP(Zl,k!ws,k)p(ZMw&k)) : (4.22)

This example highlights the fact that the evaluation of the generalised likelihood for
a single state results in a summation of terms. Each term corresponds to a unique
measurement association and for each object assigned measurement, an association
with a specific object.

The posterior state pdf can be obtained through the combination of the predictive
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posterior state pdf and generalised likelihood:

1
p(sk|Z1x) = afkp(zﬂsk)p(sklzl:kfl%

N w]gp)le_ziej(P) AT My, () [ . m

N ap My! < kU [sih—o] (s%) + Z Z Z * 1_[)‘T,(bm,n)/z><
p=1 =1 j=1 n=1 (=1

et ol e DU, (o0)). (1.23)

The expressions in the product of each of the latter terms can be further reduced
based on the decomposition of the measurement likelihood for a single object, i.e.
equation (4.13). For notational convenience, (@, ;); and (b, )¢ are represented by

ap and b, respectively,

o) _ A
pleacslefl 0 90 = [V @007, (A (Vi) Witon, i (Vi AVis

Sklk—1

(4.24)

The terms within the integration form a constant function with a support being the

following region

Sge’b(g: {Sk S [31(5‘)])@71] ’V;;(Zk € Vg (wbe,lﬁ xs,k): h(‘/bjfk) € [zazyk]} : (4.25)

This represents a constraint and from its expression it can be deduced that the

predicted supports [3271171]’ from the time update pdf approximation, have to be

contracted with respect to the interval measurements [Z;]. This forms the basis for

a CSP. The application of the CP for a circular extended object is illustrated in

Algorithm 11 and Figure 4.1. The contracted box particle is represented by |[s), ac,(p )]

It is important to note that contraction only occurs on the sub-states corresponding to

P 2 ) e )T
aé»(p)

where [zclk | represents the sub-states of object i contracted by the measurement

the object indexed by by, i.e. [s{?)] = ([:1:%',1“6_1],

indexed by a,. Following the definition of the set S;‘f’bf in equation (4.25), equation
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2

17

Figure 4.1: Hlustration of the contraction of a box particle by a single measurement.
The square box represents a measurement. The filled circular region represents the
projection of a box particle sub-states for a single object to the measurement space.
The dotted line illustrates the reduction in the interval shape due to contraction by
the measurement.

(4.24) can be rewritten as follows

’saz»(p)”
Pakl @)U 0 (1) = 1oE U oy (s0)p(zarllfl))). (4:26)
k=1 Hsk\k_l” k
Note, the notation | - | for a box denotes the interval length (respectively the box

volume in the multidimensional case), in contrast to the cardinality of a set. If
the entire product is considered, [],~ 1P(Za;,k|[fl3b27 ])U @ 1}(sk), the contracted box,
U (521 ) (sk), is further contracted in the same manner as described by equations (4.25)
and (4.26) by each measurement likelihood for a single object. In terms of interval
arithmetic, the product of contracted boxes is equivalent to the intersection of the

box particles contracted by the individual measurements,

wbe (4.27)

Hp(z”’k”wl(’f’)k])[][sgi 1](Sk) = [ (p) Hp Zayk
= B (=1
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where [s}’ ] AER s ] This results in the following reduced form of the posterior

state pdf in (4.23),

(B) =Sy M M (o) I a0 My—m
w6 T |[s}, ”P k
p(sk|Z1k) = E LER <P U.w (sK)+
p=1 aup M! ki m=1 j=1 n=1 ’[35511 Jl
0 sy T At a1l ) ) (1.29

/=1

This is referred to as a brute force approach since every possible measurement as-
sociation is considered. It is clear from the indices of the summations that a single
predicted box particle can result in a summation of a large number of terms. For
example, in the case of 3 objects and 15 measurements, each predicted box particle
would result in over 1 billion weighted boxes after the update. Thus, the brute force
implementation is not computationally tractable.

Standard Approach: There are two causes for why such a considerable number of
boxes exists. The first cause is the uncertainty in which measurements are from which
objects. This uncertainty can be reduced through the introduction of clustering. The
clustering algorithm assigns the index of each measurement to a single cluster set C;,
where i € 1, .., N, with N, the total number of clusters, assumed unknown. Measure-
ments which are close to each other, according to a specific metric, are assigned to
the same cluster. The validity of utilising clustering is based on the assumption that
measurements from a single object are typically located within the vicinity of each
other in the measurement space. However, care is taken to ensure that the algorithm
is robust to sub-optimal clustering. Considering clustering, results in the following

approximation of the posterior state pdf:

(P) o= 2Xiesp) AT My, (o) 1)) % Am,55(P1)1| My—m
wy e ~ie |[s, Jlp™*
p(sk|Z1:k) = Z < kU s (sk) + Z Z Z %
= My St e e S | 7N
1 ®)
U gam.som, (sk) E )‘T7(bm7n)gp(z(am,j)g,k’[x(im’n)&k])) , (4.29)

where d; is the number of clusters that the jth unique combination of object assigned

measurements originates from, and the sequences (b,, ,,) are reduced to only consider
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the measurements to object associations where measurements from the same cluster
are assigned to the same object. Considering the same example of 3 objects and 15
measurements, if the clustering algorithm results in 3 clusters, each indexing 5 of the
measurements, the number of weighted box particles after the update per predicted
box particle is reduced from over 1 billion to 830 584. Although this reduces the
number of weighted boxes by orders of magnitude for each box particle, this still
results in a large computational burden.

Interval Analysis Approach: The second cause for the large number of boxes is
the uncertainty in which measurements are emitted by an object or are clutter. Using
an interval based approach, it is possible to reduce the number of boxes due to this
uncertainty.

The weight of each term in the posterior state pdf describes how likely the asso-
ciations are, given the measurements. As observed in equation (4.27), each term is
non-zero on the predicted state interval contracted by all the assigned object mea-
surements. This interval is equivalent to the intersection of the contraction results for
each of the measurements assigned as object originated. Each term can have clutter
measurements assigned as object measurements. However, the contraction due to a
clutter measurement can be an interval which does not exist, or is disjoint with the
contracted intervals from the object originated measurements, as illustrated in Figure
4.2. Since the overall result is dependent on the intersection, even a single clutter
measurement assigned as an object measurement may result in the corresponding
term having a zero weight. The computation of these terms can be avoided by ap-
proximating the intersection with the relaxed intersection. The relaxed intersection,
first introduced in [66], corresponds to the classical intersection between intervals with
the exception that it is allowed to relax a certain number of intervals in order to avoid

an empty intersection. Utilising the relaxed intersection, the following approximation
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Measurement Space State Space
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Figure 4.2: Illustration of the consistency between a set of box particles and object
or clutter measurents.

for the posterior state pdf is obtained,

N o A TP (pn —u
p(sk|Zy k)NZwlgp)le ot ( L il X
w7 |
= M = s
a (p, n)] Sk H T,(bn gp z(a)g,k‘[ bn)g,k])>’ (430)

where v is the number of consistent intervals which results in a non-empty relaxed
intersection. In order to determine the contracted state, [s} a.(p.m ] the sub-states of
each object are considered individually, with u; the corresponding number of consis-
tent intervals for object sub-state ¢. The index for all the measurements assigned
to object i, according to clustering, is defined by the set B. Since only these mea-

surements contract the sub-state of object 4, the resulting contraction result for all
{IBl—us}
) £7 ’ 7
S = Nies ™) with w =30 ws

Considering the same example of 3 objects and 15 measurements, if the clustering

measurements is given by [z}

algorithm results in 3 clusters, each indexing 5 of the measurements, the number of
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weighted box particles after the update per predicted box particle is reduced from 830
584 with the approximate posterior in (4.29) to 27 with the approximate posterior in
(4.30).

Two issues remain with the calculation of the approximate pdf in (4.30). Firstly,
the relaxed intersection does not explicitly indicate the indices of the u measurements
which result in the non-zero intersection, which means it is not possible to evaluate
the corresponding measurement likelihood for a single object. Secondly, it is required
to ensure that the box particle weight is represented by a single scalar value. If the
measurement likelihood for a single object could be evaluated, this result may not
be the case. There are several approaches which could be used to overcome this,
such as selecting the midpoint of the box particle for evaluation of the measurement
likelihood for a single object. However, the approach adopted here overcomes both
the remaining issues by approximating the measurement likelihood for a single object

with a uniform distribution, as done previously in Section 3.4,

P(2ZjklTik) = Ure, ) (Zjik)- (4.31)

This approximation is based on the fact that the magnitude of the uncertainty in
the sensor is in general significantly smaller than the extent of the object. In sum-

mary, the posterior at the previous time step, p(sx_1|Z1.x—1), is approximated by

{wk 19 [Sk 3L, and the posterior at the current time step, p(s|Z1.) is approxi-
n n) (») n alon
mated by {{w}(C ) [ (p, ] . gplw’ where [S](Cp, )] [Sk,(p, )]’ and
T2y ATy ,(pn _u u
w(pvn) wl(gp) Z,eg(p) T, HSZ (p )”pM’“ ( )\T’E ) , (4 32)
k . .
sl S NTr@ea]

4.4.2  Boz Particle Filter Resampling

The number of box particles representing the posterior state pdf grows randomly with

each time step. To curb the increase in the number of box particles, a resampling step
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is introduced, where the number of resampled particles is equal to the original number
of box particles. In addition, the resampling step also relieves particle degeneracy.
The resampling step in the Box PF differs from the resampling step of the general PF.
The resampling step in the Box PF can be performed by a division of box particles [53]
(the box particle which has been selected n times during resampling can be partitioned
into n disjoint smaller boxes) or by other techniques.

The algorithm of the Box PF for multiple extended object tracking is given in
Algorithm 12.

4.5 Performance Evaluation

4.5.1 Testing Environment

The Box PF for multiple extended object tracking performance is evaluated using data
obtained from the HAMLeT (Hazardous Material Localisation and Person Tracking)
system environment [125] (Fraunhofer FKIE, Germany). The data is from a pro-
totype security system developed by an EU funded project, representing an airport
corridor. This data consists of range and bearing components obtained by three laser
rangefinder devices. These devices have a scan interval of 0.5°, scan area of 360°, and
provide data at a scan rate of 10 Hz. They are positioned at three key locations in
a curved corridor (see Figure 4.3). The scenario presented in this section consists of
three persons who enter and traverse the corridor while being observed by the sen-
sors. Throughout their motion, each person moves in and out of the area visible by
the sensors at different times. The sensors are positioned on the wall at the level of
height of the hip. The high resolution of the measurement devices allowed for the
manual visual extraction of ground truth for the centroid of the objects. This was
required since no other sensors, e.g. global positioning system (GPS), were available

for ground truth collection.
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Figure 4.3: The layout of the corridor for the experiments. The three laser scanner
devices are indicated with crossed boxes at the lower part of the graph. In this
snapshot several measurements from the sensor located at the top left of the figure
are displayed.
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4.5.2  Performance Comparison

A comparison is made between the performance of the BP PF and Box PF over
100 MC runs. The measurements are perturbed by the measurement noise for each
run. See Section 3.7.1 for details about the computing platform. The performance
is evaluated based on the Optimal Sub-Pattern Assignment (OSPA) [104] for the
position of the objects, cardinality for the existent variables, the statistics of the
existent object extents, and the average simulation time. It is worth highlighting that
in contrast to the extracted filter estimates in Chapter 3, here the particle with a
maximum weight is selected as the filter estimate since particles can have a different

number of existent objects being tracked.

4.5.8  Filter Parameters and initialisation

The Box PF utilises the DBSCAN algorithm [42] for clustering. This is a density
based clustering algorithm which groups the measurements that are closely packed
together into a single cluster. This clustering algorithm is well suited to the problem
as it does not require knowledge of the number of clusters, and the density of the
measurements from each object is consistent. DBSCAN requires two parameters,
e = 0.43, related to the density of the clusters, and the minimum number of points
required to form a dense region, which is selected as 1.

The other parameters used in simulation for the performance evaluation are as
follow: o, = 0.05m/s? o, = 0.05m/s*, or = 0.05m, o4 = 0.025, o5 = 0.17/180,
T,=1s, A\r =50, p=1x10"% P, = 0.9, F = 30.

The filters utilise a uniform distribution to initialise each object sub-state when
an object birth occurs. In the case of the Box PF, the same uniform region where
the BP PF randomly generates particles from is subdivided so that the entire region
is encompassed by all the box particles. This region, for each object sub-state, is
located at the entrance/exit of the corridor: z. = [—1.5;—=0.5] U [0.5; 1.5] m, &, =
[—0.1;0.1] m/s, y. = [-1;0] m, y. = [-0.1;0.1] m/s, R = [0;0.3] m, see Figure 4.3 as

reference.
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Figure 4.4: Comparison of the average OSPA for the BP PF with 5000 particles and
the Box PF with 32 particles.

4.5.4  Results

The performance of the filters is examined for 3 cases: a small, medium, and large
number of particles. The average OSPA results for each case are illustrated in Figures
4.4 to 4.6. The spikes in the results correspond to a mismatch in cardinality. This
is caused by the fact that only a small number of measurements are observed from
the objects when they first enter the observable region of a sensor. As expected,
decreasing the number of particles increases the amount of error, however, it is worth
noting that a decrease in the number of particles for the BP PF also causes the filter
to become unstable when three objects are within the scene.

The average cardinality results for each case are illustrated in Figures 4.7 to 4.9.
The cardinality of the Box PF is significantly more robust to different numbers of box
particles.

The performance of the filters for the estimation of the extent parameter is il-
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Figure 4.5: Comparison of the average OSPA for the BP PF with 2500 particles and
the Box PF with 16 particles.
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Figure 4.6: Comparison of the average OSPA for the BP PF with 1000 particles and
the Box PF with 4 particles.
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Figure 4.7: Comparison of the average cardinality for the BP PF with 5000 particles
and the Box PF with 32 particles.
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Figure 4.8: Comparison of the average cardinality for the BP PF with 2500 particles
and the Box PF with 16 particles.
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Figure 4.9: Comparison of the average cardinality for the BP PF with 1000 particles
and the Box PF with 4 particles.

lustrated by the mean and standard deviation of the extent parameter for all active
objects over all time steps, this is illustrated in Table 4.1. The contraction operation
leads to the Box PF sustaining significantly lower variations in the extent, even with
higher numbers of particles.

The computational time for each of the considered cases and both filters is given in
Table 5.2. Tt is noted here that employing the INTLAB [101] toolbox with MATLAB
for performing the Box PF simulation is just one way of implementing the Box PF
code. This toolbox was initially designed and optimised for estimating rounding
errors. Faster realisations of the Box PF in C/C++ are also possible. For instance,
in [103] the Box Probability Hypothesis Density Filter is shown to be 10.9 times
faster than the Probability Hypothesis Density Filter working with point particles
(both implemented in C++). Further optimisation is considered possible for the Box
PF realisation, thus the results in Table 5.2 would represent a minimum efficiency

improvement. The Box PF is also a very attractive solution from the perspective of



94

Multiple Extended Object Tracking

Table 4.1: Existent object extent statistics.

Standard
Algorithm | N Mean (m) | Deviation
(m)
4 0.23 0.03
Box PF 16 0.21 0.04
32 0.2 0.05
1000 0.24 0.13
BP PF 2500 0.23 0.13
5000 0.21 0.11

Table 4.2: Average MATLAB computational time comparison.

Algorithm | N Computation Time (s)
4 43.38
Box PF 16 118.56
32 282.24
1000 67.68
BP PF 2500 168.53
5000 417.66
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distributed estimation, as shown in [61].

An attractive benefit of the Box PF, not clearly illustrated in the results presented
thus far, is the ability of the filter to handle large regions of initial uncertainty. For
example, the prior distribution on the sub-states related to the velocity components of
each object is a uniform distribution with the following region of support: [—0.1,0.1].
This region caters for objects moving in any direction and was sufficient for the objects
in the examined scenario, but when the magnitude is increased, the BP PF' is unable
to lock on to new born objects. This is due to the fact that the velocity of the object
is not directly observed, causing the filter to diverge. However, due to contraction and
the division of boxes in the resampling step, the Box PF is capable of handling larger
regions of uncertainty. As an example, increasing the region to [—1, 1], caused the BP
PF to diverge in all three cases, where the Box PF performance was unaffected. This
issue can be resolved by the BP PF by utilising a larger number of particles, but this

comes at the cost of a greater computational complexity.

4.6 Summary

In this chapter, a Box PF method for multiple extended object tracking was presented.
The extended objects are represented by a joint state vector which consists of the
kinematics of the centroid of the objects, and parameters that describe a shape used
to approximate the extent of the objects. In addition, an existence variable was
introduced to cater for the appearance and disappearance of objects.

A theoretical derivation of the generalised likelihood function of the Box PF was
presented. The proved equation is further modified to minimise the computational
complexity.

The performance of the Box PF for multiple extended object tracking was evalu-
ated with real data from laser rangefinder sensors. Three sensors were used to monitor
people walking through a corridor. The extent of each person was modelled with a
circle. The results have shown that the Box PF can work efficiently with four to

thirty two box particles, whereas the PF working with point particles needs several
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thousands of particles to achieve the same accuracy. The Box PF has been shown
to have several advantages when compared to the BP PF. This includes a significant
computational gain, more than 32%, which could potentially be further exploited
through an implementation on a platform that is efficient in interval arithmetic. The
Box PF exhibits robustness for a significantly smaller number of box particles which

completely encompass the initialisation region.
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Algorithm 11 CP algorithm for Circular Extended Objects

. Tnput: [mggg],[mgﬁg,l], [Zmi)-

. Let [2]7")] = [2")], and DONE = FALSE.

while DONE == FALSE do
Transform the range and bearing measurements into the z-y plane using an
inclusion function:

(4.33)

i . _ . 5
_xZ‘k»(p)_ = _x;’fkv(p)_ N <[z1] + \/[Rl(pk)} — ([22] _ [yzz(p)]) ) 7 (4.34)
:j;;tz’;<p>: _ :fb?fé(p): A ) _ i ) |

[ | I 1 2

ylfrzk,(p) - yzz(p) N ([22] + \/[RZ(ZQ] — (
m(p)] _ [ (p) ]

[ ()] [ .m,(p)] A [yz,k Yik—1 )

Yik = Yk

)= o (e B (o ).

5. Contract the original measurements with the contracted converted measure-
ments:

(4.35)

6:  If convergence criterion is met (e.g. difference in the size of pre-contracted and
contracted boxes is below a threshold), DONE = TRUE.

7. end while

8: Output: [w?k’(p)].
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Algorithm 12 A Box Particle Filter for Multiple Extended Object Tracking

1: Initialisation

2. Initialise the set of box particles, {[z"’]

N

»—1, sampling from the prior distribution.

3: for k =1,....T do

4.
5:

10:

11:

12:

13:
14:

15:

Prediction

Generate the predicted box particles, , {[wﬁ;fl] ;];V:p by propagating the box
particles through the state evolution model and applying interval inclusion func-
tions as described in [67, 65].

Measurement Update

Upon the receipt of new measurements:

Convert the measurements into measurement boxes, [Zg].

Cluster the measurements to obtain the set C;, where ¢ € 1,.., N..

Solve the CSP in (4.25) using the CP algorithm (i.e. Algorithm 11), to obtain

the contracted box particles for each measurement [s7°%™)].
Determine the combined contracted box particle, [sg’(p ’”)], and the number of

consistent intervals, u, through the calculation of the relaxed intersection.
Generate the set of weighted box particles according to (4.32).
Output
Obtain a box estimate for the state of the extended objects based on the max-
imum weight:

()] = arg max w,(cp) (4.36)

T

and a point estimate &y for the extended shape using the mid-points of the box
estimates of the state vector [Zy].
Resampling Resamyle N particles with high weights by division. Finally,
reset the weights: w'? = 1/N.

16: end for




Chapter 5

OBJECT TRACKING WITH TALL
DATA

In Chapters 3 and 4, object tracking scenarios with modelling complexities intro-
duced by receiving multiple measurements at each time step were considered. An
additional complexity associated with receiving multiple measurements at each time
step is an increase in the computational load. This computational expense increases
as the number of measurements grows. In this chapter, the focus is shifted to the
problem of efficiently processing excessively large amounts of data for object tracking
applications, which would other wise hinder the algorithms from being viable solu-
tions. Typically in these scenarios measurement reduction techniques are utilised, e.g.
gating [10], as a mechanism that attempts to remove uninformative measurements.
However, these techniques may be limited in applications where sensors are capable
of returning a large number of informative measurements, e.g. a 3D LiDAR sensor
can return 2.2 million measurements per second [117]. Section 5.1 begins with an
overview of recent advances made in SMCMC for object tracking. In Section 5.2
the concept of adaptive subsampling is presented and incorporated into the SMCMC
framework. In contrast to subsampling the large amounts of data, Section 5.3 and 5.4
present a divide and conquer approach where batches of measurements are processed
in parallel. This is based on the incorporation of the EP algorithm within an SMCMC
and PF framework. Finally, Section 5.5 illustrates the performance of the proposed

methods through a number of simulated examples.

99
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5.1 Advances in Sequential Markov chain Monte Carlo for Object Track-
ing

The SMCMC filter described by Algorithm 5 was shown to work well in state space
models containing a high number of dimensions when compared to techniques relying
on importance sampling, however, this direct approach results in a high computational
expense. It was proposed in [108] to consider targeting the joint filtering posterior

state pdf of x; and x;_1,

p(wk, wk71|z1:k) X p(zk|wk)p(mk’mkfl)p@kal‘zl:kfl)a (5~1)

as the equilibrium distribution in order to help alleviate the high computational de-
mand. In a similar fashion, an approximation for the joint filtering posterior state
pdf can be obtained through MCMC methods by representing p(@y_1|z1.x—1) with a
set of unweighted particles. This approach has the advantage of avoiding the direct
MC computation of the predictive posterior density. Furthermore, the approximation
can be trivially marginalised to obtain the filtering posterior state pdf of interest.
More specifically, at each time step, samples from the joint filtering posterior state
pdf are obtained by the MH algorithm, referred to as a joint draw, as both @x; and
x;_1 are sampled simultaneously. However, sampling from a higher dimensional space
decreases the likelihood of acceptance in the MH algorithm. Therefore, this is followed

by Gibbs sampling of the marginals of the joint filtering posterior state pdf. By de-

P
p:l?

such that (J, €, = {1,...,Ng} and Q, N Q, = 0,Vp # ¢, then the corresponding

composing the state vector with Ny dimensions into P disjoint sub-states, {xq, 1}

P

»—1 and p(xy_1|z1.). Since the expressions of these

marginals include {p(xq,r|2z1:x)
marginals are unknown and cannot be sampled from, the implementation consists of
a MH sampler embedded within the Gibbs sampler, also known as Metropolis-within-
Gibbs. This is referred to as the refinement step and aids in the mixing of the chain.

An appropriate burn in period, Ny, is introduced to minimise the effect of the initial

values of the Markov chain. This approach is highlighted by Algorithm 13 and is
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referred to as standard SMCMC.

Algorithm 13 Standard Sequential Markov Chain Monte Carlo

(G N

1: Initialise particle set: {z5"};1,

2: for k. =1,....T do
3: form=1...N+ Nydo

4: Joint Draw
5: Propose {x},x;_1} ~ q1 (xr, Tp_1|z]~ L 11)

6: Compute the MH acceptance probability p; =

min (1, Ml 0l Lol o)
QI(wkvwk,l‘wk ‘L'k 1 ) p(a:k L1 |21:%)
T: Accept {x]', x|} = {x}, z;_,} with probability p

8: Refinement

9: Propose {x}_,} ~ g2 (@p_1]x], ")

10: Compute the MH acceptance probability po =
min 17 p(x;_ |27 21:k) qz(fﬂgllﬁ”vwzfl)

(12(“3;;,1@?@?,1) p(xM |z} | ,21:k)

11: Accept x}' | = x}_, with probability po

12: Divide @y into P disjoint blocks {Qp} _, such that
U, 2 = {1, ..., Na} and ©, ﬂQq—@Vp#q

13: for p = 1,...,P do

14: Propose {x{, .}~ asp (zq, Kz, )

15: Compute the MH acceptance probability p3, =

. p(wap,kh’?ﬂvzl:k) a3,p (mgp,k@itvxzi»
min | 1, " T ™
QB,p(Qp’a’k‘anvmzl_l) p(xﬂp,klwk—vzl?k)

16: Accept m@”p}k = mg‘]p’k with probability ps3

17: end for

18:  end for

19:  Approximation of the marginal posterior distribution with the following empirical
measure: "
N+N,
P@klz1k) = § X5,y O(@n — )
20: end for

It is worth noting that there is a considerable amount of flexibility in the structure
of SMCMC based methods. This has resulted in an abundance of related works, such
as the utilisation of multiple MCMC chains, that interact with genetic algorithm
inspired operators [106, 24]. However, the focus of these methods have been on
increasing the MCMC convergence rate, and still requires the evaluation of all the

measurements.
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5.2 Adaptive Subsampling Sequential Markov chain Monte Carlo

In the standard SMCMC algorithm, calculating the acceptance probabilities, p; and
p3p, requires the evaluation of all the measurements. In this section the concept of
adaptive subsampling and SMCMC are merged to reduce this computational burden.

Looking back at the standard MH sampler in Algorithm 3, the expression in (2.15)
can be further developed by applying Bayes’ rule and assuming that there are M

conditionally independent measurements, z;:

()l o) pp_plada) (5.2)

u < :
p(em=tg(a|zm=t) 27 plzilzmt)

The previous state of the chain is stored as the current state, ™ = ™ !, when the
proposed sample does not meet this criterion. Further manipulating this expression
into a form with the likelihoods isolated results in:

L og LPE" (|2 ]<210g[ zz\w))]’

M p(@)ql@™ 1[z")

Y™ x*) < AM(xm T x*). (5.3)

When the number of measurements is very large, the log likelihood ratio becomes the
most computationally expensive part of the standard SMCMC algorithm. To reduce
the computational complexity, a MC approximation for the log likelihood ratio has

been proposed [14]:

ASm (2™ xt) = L Szmlog LM} (5.4)

where the set z, = {21, ..., g, +} is drawn uniformly without replacement from the
original set of M measurements.

The difficulty which arises is in selecting a minimum value for S, that results
in a set of subsampled measurements that contain enough information to make the

correct decision in the MH sampler. To overcome this difficulty in standard MCMC
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for static inference, the authors in [12] proposed to use concentration inequalities
which provide a probabilistic bound on how functions of independent random variables
deviate from their expectation. In this case, the independent random variables are
the log likelihood ratio terms. Thus, it is possible to obtain a bound on the deviation

of the MC approximation in (5.4) from the complete log likelihood ratio:
P(|A°(z™ " x*) — AM(xz™ ! x*)| < cs, ) >1 — dg,, (5.5)

where dg, > 0, and cg, is dependent on which inequality is used. There are several
inequalities which could be used, including the empirical Bernstein inequality [9, 14],

which results in:

2V, log(3/6 3Rlog(3/d

where Vg represents the sample variance of the log likelihood ratio, and R is the

range given by

ne et} - S ]) e

Looking back at the standard SMCMC approach, the joint draw is accepted based
on the condition AM(z*, ™) > ¢)(x*, 2™ !). It is required to relate this expression
in terms of the MC approximation of (5.4). Since the MC approximation is bounded,
it is not possible to make a decision when the value of ¢ (x*, ™ ') falls within the re-
gion specified by the bound. Thus it is required that |A%™ (™~ z*) —¢(x*, 2™ 1)| >
¢s,,, where | - | represents the absolute value, in order to be able to make a decision,
with probability at least 1 — dg,, .

This forms the underlying principle for the creation of a stopping rule [12, 88|.
Let ds € (0,1) be a user specified input parameter. The idea is to sequentially
increase the size of S, while at the same time checking if the stopping criterion,
|ASm (2™t ) — op(x*, 2™ )| > cg,,, is met. If the stopping criterion is never met,

then this will result in S,, = M, i.e. requiring the evaluation of all the measurements.
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Selecting ds,, = 75~ 10, results in > g,.>108, <0 The event

&= [{A% (@ " a") — A (z" " 27| < cs,.} (5.8)
Sm>1
thus holds with probability at least 1 — d, by a union bound argument.

This iterative procedure allows for an adaptive size of the number of measurements
required to be evaluated. However, there is cause for concern with the definition of the
stopping rule. That is the fact that the range, R, used in the calculation of (5.6), is
dependent on the log likelihood for all M measurements. Calculating this range would
thus inherently require at least the same number of calculations as in the standard
SMCMC approach. In certain applications it may be possible to obtain an expression
for the range which is independent of the measurements, however, this is not the
general case. In order to overcome the computational complexity of the calculation
of the range, and to reduce the sample variance Vg _ in the bound, a control variate

has been introduced in [13], referred to as a proxy:

Thus the MC approximation in (5.4) is augmented into

p(zis|T") _
ASm (gm? lo — (™ 2.
i Z | L]~ oene)
It is required to amend the MH acceptance accordingly to take the inclusion of the
proxy into account.
In [14], it was proposed to utilise a Taylor series as an approximation for the
log likelihood, ¢;(x) = log p(z;|x). Since object tracking scenarios are typically time

sensitive, a first order Taylor series is proposed to minimise computational cost,

Ui(x) = Li(x™) + (V) L - (2 —xF), (5.10)
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where (V/{;)+ represents the gradient of ¢;(x) evaluated at ™. This results in the

following form of the proxy

@i(mm_l,m*> _ l@(a:*) o gi(mm—1)7

= (V) (2r —x™ ). (5.11)

With the inclusion of the proxy, the range, R, is now computed as,

_ G R
R_éﬁ}ﬁl{bg [p(zi|a:m—1)] pi(@" @)

— min {log {pp(z—kv)ﬂ - pi(mm_l,az*)}. (5.12)

1<i<M (zi|xm—t

An upper bound for the range, R, can be derived, i.e. where R® > R, which can

be computed efficiently

B zi|x") m—1 _*
=2 o [ e}
_ 212%{ EZ(:C*)—Ez(mm_l)—éi(w*)+él(mm_1)‘}
= zlg%{w(x*) — B(z™ )|} (5.13)

where B(x) = (;(z) — {;(x) is the remainder. The Taylor-Lagrange inequality states
that if [V2(¢;(x))] <Y, where V?(¢;(x)) represents the Hessian of the log likelihood,
on some interval I = [a,b], then the remainder term, B(x), can be upper bounded

_pt|2
‘§Y|w2:c \

according to |B(x) on the same interval /. Finally, based on the triangle

inequality, an upper bound on the range term is given by

RE =2 ’|B(:13*)| + ‘B(mm_1)|

I

— ‘Y <‘w*—w+|2+‘wm*1—w+‘2) : (5.14)

The complete adaptive subsampling SMCMC approach is illustrated by Algorithms 14
and 15.
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5.3 Expectation Propagation Sequential Markov Chain Monte Carlo

In the previous approach, reduction in computational complexity was based on Bayesian
filtering with only a subset of all of the data. In contrast, the algorithm presented
in this section utilises all of the data in a distributed way. The only way to achieve
computational efficiency is to consider a divide and conquer based approach which
processes subsets of the data in parallel. Firstly, the set of M}, measurements is divided
into D subsets of measurements such that z;, = Ule zar and 2 (2zj=0:1 # j.

The joint filtering posterior state pdf in equation (5.1) is further factored,

D

(@, Tr_1|21)  p(@plzp—1)p(@h—1|z16-1) [ [ P(2aplar)- (5.15)
d=1

The D subsets of measurements are processed in parallel on D computing nodes.
The challenge in divide and conquer based approaches is in combining the results
from the computing nodes to obtain samples from the joint filtering posterior state
pdf. A natural method of doing this is through the utilisation of concepts from EP?.
EP is a variational message passing scheme [86], the EP framework allows for the
incorporation of inference from all other D — 1 computing nodes as a prior in the
inference step for any given computing node. This is achieved by approximating the
likelihood of the D — 1 sets of measurements from the other computing nodes with a

distribution from the exponential density family,

m(xk|n) = h(z)g(n) exp {n u(z)}, (5.16)

where 7 represents the natural parameters (NPs) and w () is a function which varies
depending on the member of the exponential family. The local joint filtering posterior

state pdf for computing node d is then given by:

pa(@k, Tr—1|z1:k) X p(Zak|T)p(Tk|Tr—1)p(Tk—1]21.4-1) H m(xk[m:). (5.17)
id

'Refer to Appendix D for a review of the EP algorithm.
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Each local joint filtering posterior state pdf is an approximation of the joint filtering
posterior state pdf in (5.15).

The algorithm proceeds iteratively, beginning with the application of MCMC to
draw a batch of samples from (5.17) on each computing node. The NPs of each
computing node, mny, are then determined. This is done by firstly considering the

marginalised local filtering posterior state pdf,

pa(®r|z11) o< p(zax|xr)p(@r|210-1) H m(xk|m;)- (5.18)
i#d
A discrete approximation for the marginalised local filtering posterior state pdf can
be cheaply obtained from the MCMC samples drawn from the local joint filtering pos-
terior state pdf. Further, by replacing the likelihood expression with the approximate
likelihood term:

Pa(@r|z1a) oc 7 (@i na)p(@elzia ) [ [ m(@elm). (5.19)
itd

The idea is to select the NPs, 14, in a manner which results in the minimisation of
KL(pa(xk|z1.6)||Pa(2k|Z1:6) ), where KL(-) refers to the Kullback-Leibler divergence.

It has been shown [21] that the minimisation occurs when:

Epd(itk\zhk) [u(w)] = Eﬁd(itk\zhk) [u(w)] ) (520)

where I [ -] represents the expectation, which corresponds to matching the expected
sufficient statistics. Approximating the discrete distributions with the same exponen-
tial density family as the likelihood term approximation, i.e.. m(xg|n,.4) = pa(Ti|z1:x)

and 7(xg|nra) ~ p(xk|21:6-1), results in the NPs being determined by:

Nd = Mp,d — <"7f,d + Z m) . (5.21)

i#d

Finally, the NPs are distributed to all D \ d computing nodes, followed by the next
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iteration. The number of iterations is dependent on the rate of convergence of 1, and
is treated as a fixed parameter. The EP SMCMC algorithm is described by Algorithm
16.

5.8.1 Proposal Distributions

The standard SMCMC framework consists of two sampling stages, the joint draw and
refinement step. However, the framework is flexible in the sense that both sampling
stages sample from the target distribution and are thus not both necessarily required
for operation. The joint draw has the advantage of only requiring a single evalua-
tion of the measurements. The refinement step introduces additional computational
complexity but has also shown to significantly increase the efficiency of the sampling
in higher dimensional state space models. Once an appropriate architecture for the
SMCMC is selected, there is additional flexibility which arises in the form of selection
of the proposal distributions. A common choice for the joint draw is to utilise the
following proposal distribution:

N+Nb

a1 (mk,xk,l\x? ! Xy 11) = p(xk|Tr_1) Z 0(xp_1 —:Bk)l) (5.22)
] =Np+1

In this case, the MH acceptance probability simplifies to a ratio of two likelihoods.
This is typically followed by the following proposal distributions for the refinement

step:
a2 (1|2}, 2" 1) = p(@p—1 Tk, 21:8)
Ny+N m|.J
p(xr = x|z, ) ;
- Y ERl (o —a)), (5.23)
j=Np+1 >i pler =Ty )
and

Bp (T, kel ) = p(Ta, k| 21k, Tho1, i1, NP k); (5.24)

thus the acceptance ratios ps and {p3 p} _, will be equal to 1, leading to a refinement
stage equivalent to a series of “perfect” Gibbs samplers [98].

However, sampling from (5.23) is possible at the expense of a large computational
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cost. Nevertheless the advantage is that this quantity does not depend on the data
which is the main challenge in a setting consisting of massive amounts of data. It
is also possible to avoid this complexity by using a uniform draw from an index, the
acceptance ratio will then reduce to the ratio of two prior distributions.

Typically, sampling from (5.24) is not possible. Alternatively, the proposal dis-
tribution in (5.24) can be replaced with a conditional prior or random-walk [108].
An additional advantage of the EP-SMCMC framework is that each computing node
d can utilise the information from the measurements at the other D \ d computing
nodes in the proposal distribution. It has recently been shown in [109] how infor-
mation about the measurements can be utilised in the standard SMCMC framework,
however, this typically requires additional computations and the evaluation of gradi-

ents of the likelihood.

5.4 Expectation Propagation and the Particle Filter

In this section a variation of the EP-SMCMC is presented. This entails replacing the
MCMC sampling mechanism with importance sampling, i.e. the PF, thus referred to
as the EP-PF. The formulation of the filter is similar, with some subtle differences. In
contrast to the EP-SMCMC, the EP-PF target distribution is the marginal filtering

posterior state pdf, p(xx|z1.x), factorised accordingly:
D
p(a|zik) o p(ailzie—1) | [ p(zanlze). (5.25)
d=1

For this scenario, the local filtering posterior state pdf at each processing node d is

given by:

pa(xr|z1x) < p(zax|zr)p(Tr|216-1) H m(zk|n:), (5.26)
i#d
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To compute the NPs, the likelihood term for node d in (5.26) is replaced by the

approximated likelihood term:

Pa(@r|z1:k) o m(@k|na)p(Tr| 21:0-1) H m(zk|n:)- (5.27)

i#d
The natural parameters can then be found through the minimisation of the KL di-
vergence, KL(p4(xk|21.1)||Pa(xk|21:4)) in the same manner as in (5.20) and (5.21). A

detailed description of the EP-PF is given in Algorithm 17.

5.4.1 Particle Filter Proposal Distributions

Selecting the proposal distribution is an important step during the design of a PF.
Utilising a good proposal distribution results in the particles being moved to regions
in the state space with higher likelihood values, which helps avoid weight degeneracy.
It has been shown [39] that the optimal proposal distribution is the distribution which

minimises the variance of the importance weights,
g(zilzy) ), 2i) = p(zilz |, 21). (5.28)

However, sampling from this proposal distribution is generally not tractable. There
are a variety of techniques which have been proposed to approximate the optimal
proposal distribution [30]. A common approach is to simply utilise the transition
density,

g2 |, z) = play]a ), (5.29)

due to its direct availability. This approach also simplifies the weight update to be
proportional to the evaluation of the likelihood. However, the transition density does
not include any information from the measurements and thus moves the particles
blindly.

The EP-PF framework allows for an intuitive inclusion of information from the

measurements at the neighbouring nodes in the proposal distribution. This can be
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done when the prior distribution is the same, or approximated as a member of the
exponential family used to approximate the likelihood terms. The resulting proposal
distribution is given by

g(zplzy |, z1) = m(@e|my), (5.30)

where n, =n.+ > _, 24 Mi» and . represents the natural parameters of the transition

density.

5.5 Performance Evaluation

In this section the performance of the proposed adaptive subsampling SMCMC algo-
rithm, and EP SMCMC and PF algorithms, referred to as AS-SMCMC, EP-SMCMC
and EP-PF| respectively, is studied. See Section 3.7.1 for details about the computing
platform. All results are averaged over 50 MC runs. Refer to Appendix C for further
information related to the calculation of the Hessian of the log likelihood required for

the AS-SMCMC in this section.

5.5.1 EP-SMCMC and EP-PF considerations

For the examples presented in this section, the member of the exponential family
selected to approximate the likelihood terms is the multivariate Gaussian distribution.

For this case the NPs are given by:

n= (= w3z, (5.31)
where p and ¥ represent the mean and covariance of the multivariate Gaussian

distribution. In this case, the NPs update in (5.21) simplifies to:
2, =X, pa — (Ef,}luf,d +) %7 1uz~>
i#d

B =% (Eﬁ}l +) ZZ?) : (5.32)

i#d
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where standard techniques are used to obtain unbiased mean and covariance estimates
for the discrete distributions. It is important to note that the difference between two
positive definite matrices is not necessarily itself positive definite. Techniques, such

as SoftAbs [20], can be used to ensure that the result remains positive definite.

5.5.2  FExample 1: Dynamic Gaussian Process with Gaussian likelihood

The first example is based on a Gaussian state space model with corresponding tran-

sition density and likelihood,

p(xr|zr—1) = N(zp; Ay 1, Q)
P(zex|er) = N (2e 0 Hay, R) . (5.33)

The measurements are assumed independent, hence resulting in the joint likelihood

expression for all measurements:

p(zelzr) = | [ p(zeklar)- (5.34)

The advantage of studying the Gaussian model is that the KF [68] can be used as a
benchmark for performance. In this example the performance of the MCMC based
techniques is considered. Unless otherwise specified, the following parameters were
utilised for all experiments. The filter parameters include: the number of particles,
SMCMC & AS-SMCMC, N, = 4000, EP-SMCMC, N, = 500 for each computing
node (number of computing nodes, D = 4); the number of EP iterations, L = 2;
the subsampling parameters, vs = 1.2, 6, = 0.1, p;, = 2. The simulation parameters
include: the number of measurements at each time step, M = 500; the total simulation
time, T;,; = 20 s; the transition density parameters, Q = 0.08, A = 0.9; the likelihood
parameters, H = 1, R = 2; the state space dimension size, N = 1.

For this example a SMCMC framework consisting of only a refinement step for all

three algorithms was utilised. In addition, the proposal distribution in (5.23) was used



5.5 Performance Evaluation 113

for the first step in refinement. The conditional posterior for the second refinement

step for the SMCMC and AS-SMCMC algorithms is:
p(mi|ery, 21k) = P(2Zk|or)p(@k i ). (5.35)
The following proposal distribution was selected:
@3 (xr|ey, 27" 1) = pleg] ). (5.36)

In the case of EP-SMCMC, the conditional posterior for local computing node d is
given by:

pa(@el@ y, 21:6) = p(zral@r)p(@elay ) [ r(aim). (5.37)
i#d
The following proposal distribution was selected:

gs (el ) o< plaelay ) | [ w(aowlms),
id

N (@pi 0, 5) (5.39)

where p, and 3, are derived from the NPs n, = 1,4 + Z#d 1;, and 7y ¢ Tepresents
the NPs of the transition density, p(xx|x}* ;). Table 5.1 illustrates the computational
complexity of the algorithms for 500 and 5000 measurements. It is interesting to
note that an increase in measurements leads to an increase in computational saving
in AS-SMCMC.

Tables 5.2 and 5.3 compare the acceptance rates of the algorithms for the first
and second refinement steps, respectively. In Table 5.2, the acceptance probabilities
for the different algorithms do not differ significantly. This is expected since all
three algorithms utilise the same proposal distribution and acceptance ratio for the
first refinement step, and additionally, this refinement step is not dependent on the
data. Table 5.3 highlights the improvement in acceptance ratio for the EP-SMCMC
in this scenario. The increase during the first EP iteration is due to the relative
decrease in the number of measurements processed by each computing node. The

large increase during the second EP iteration is due to a smarter proposal distribution
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Table 5.1: Algorithm computation time per time step.

Algorithms M = 500
Time (s) Computational
Gain (%)

SMCMC 114.75 0
AS-SMCMC 69.54 39.4
EP-SMCMC 9.89 91.38

M = 5000

SMCMC 1087.93 0
AS-SMCMC | 274.60 74.76
EP-SMCMC 96.40 91.14

Table 5.2: Acceptance rates for the first refinement step.

Algorithm

(Min, Median, Mean, Max)

Acceptance Rate

SMCMC

30.93, 94.35, 89.72, 96.57

AS-SMCMC

30.90, 94.43, 89.70, 96.54

( )
( )
EP-SMCMC (L = 1) (34.15, 93.99, 89.47, 94.86)
( )

EP-SMCMC (L = 30.86, 94.54, 89.77, 96.59

2)
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Table 5.3: Acceptance rates for the second refinement step.

Algorithm Acceptance Rate
(Min, Median, Mean, Max)
SMCMC (8.82, 23.44, 21.26, 25.78)
AS-SMCMC (9.04, 24.24, 21.95, 26.75)
EP-SMCMC (L = 1) (19.76, 42.07, 38.46, 45.01)
EP-SMCMC (L = 2) (72.11, 76.24, 75.86, 77.69)

which incorporates the information about the measurements from the other computing
nodes.

The Kolmogorov-Smirnov (KS) statistic is used to gauge the relative accuracy to
correctly approximate empirically the filtering distribution of interest by the algo-

rithms. The KS statistic is given by:
KS = max (ﬁ(w) — G(x)) : (5.39)

where F(z) is an empirical cumulative density function (cdf) and G(z) is a continuous
cdf. In this setting, I (x) is the empirical cdf of the discrete posterior distribution es-
timated by the SMCMC algorithms, and G(x) the cdf of a Gaussian distribution with
parameters updated by a KF. For EP-SMCMC, the samples from all D computing
nodes at the final EP iteration are considered. It is worth while mentioning that the
transmission of the samples from the D computing nodes to a single computing node
was utilised in this experiment but is not necessary when only estimates are required
to be extracted. For example, since the samples in SMCMC are unweighted, the
global mean can be established through the averaging of the individual local means.
The KS statistic for several different filter configurations is illustrated in Figure 5.1 for
both the case of 500 and 5000 measurements. It is first noted that the SMCMC and
AS-SMCMC share almost identical performance. This was expected as the goal of

AS-SMCMC is to make the same accept or reject decision in the embedded MCMC
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algorithms as in SMCMC, only while evaluating less measurements. From Figure
5.1a, it is noted that the performance of the EP-SMCMC varies depending on the
configuration. Doubling the number of computing nodes, while halving the number
of samples, conserves the total number of samples while further increasing the com-
putational efficiency at the cost of an increase in error. While in the other extreme
case, increasing the number of samples while keeping the number of computing nodes
fixed, significantly increases the accuracy while decreasing the computational gain.
The case of N, equal to 1000, results in the same number of samples for all three
algorithms. It is clear that even in this scenario, there is an increase in performance,
which can be attributed to the increased acceptance rate which results in a more
diverse empirical cdf. The EP-SMCMC algorithm is also well suited in this specific
example due to the Gaussian nature of the model and utilisation of the Gaussian

density for the approximate likelihood terms.

5.5.83  FExample 2: Multiple Object Tracking in Clutter

In this example the application of multiple point object tracking in clutter is pre-
sented. The state vector consists of the positions and velocities of Ny objects in a two
dimensional space, x = (T1k .- TNpk, YLk - YNp ks 1k - ENps Uik - - - UNpke) - 101
this example it is assumed that the number of objects, Nr, is fixed and known, and
that each object evolves independently of the other objects. The motion of each ob-
ject adheres to the near constant velocity model. This results in the marginal state

transition density for object j having the form
p(®jn|®)n-1) = N(xjn|Azjpe-1, Q), (5.40)

where N(-) represents the normal distribution, and matrices A and @ are defined as

I, T, TSS' 3)1 T2 /2)1
? 2 and Q = o2 (L3 (152 , where T, = t;, — t;_1, and
0, L (T2/2)L,  T.L

I represents the 2 x 2 identity matrix.

A =

In a similar fashion to Chapter 3 and 4, the total number of measurements received
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(a) Comparison of the KS statistic for the case of 500 measurements.
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(b) Comparison of the KS statistic for the case of 5000 measurements.

Figure 5.1: The KS statistic for the several configurations of the SMCMC based
algorithms relative to the KF.
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is given by My = NpMry + M. The likelihood density takes the form [49]:

p(zxlek) = M , H (Acpc Zik) + thpx zzkla:jk)> , (5.41)

7=1

where p = Ao + NrAr, px(+) and po(-) represent the likelihood of an object and
clutter measurement respectively. Fach individual measurement represents a point in
the two dimensional observation space, z;x = [2izks zi,y,k]T. In the case of a mea-
surement from an object, the likelihood is modelled as px (z;x|Tjxk) = N(2ix; )k, 2).
The clutter measurements are independent of the states of the objects and are uni-
formly distributed in the visible region of the sensor, resulting in the clutter likelihood
taking the form of pc(zix) = Ug, (%i2k) Ur, (Ziyk), where A, = R, X R, represents
the clutter area.

The following parameters, unless otherwise specified, were used for all experiments.
The filter parameters include: the number of particles, for SMCMC & AS-SMCMC,
N, = 4000, and EP-SMCMC, N,, = 500 for each computing node (number of com-
puting nodes, D = 4); the covariance associated with the proposal for the refinement
step, X, = 0.01I; the subsampling parameters, v, = 1.2, 6, = 0.1, and p, = 2. The
Simulation parameters include: a total running time, T = 20, with sampling time,
T, = 1; the variance associated with the motion model o, = 0.5; the object observa-
tion model parameters, Ax = 1500, and ¥ = I; the clutter parameters, A\c = 4000,
and A, = 4 x 10*; the number of objects Ny = 3.

For this example the SMCMC framework consists of a joint draw and a local

refinement step on the current state only, for all three algorithms. The proposal

distribution for the joint draw in the SMCMC and AS-SMCMC is given by:

N+N,

1
—p(xg|TK—_1) Z o(xp— 1—:ck)1) (5.42)

m—1 ml)_
N
J=Np+1

@ (zg, T |~ ),

The following proposal distribution was selected for the local refinement step:

a3.p (o, k@, Tl 1) = N(g, 1, 20), (5.43)
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where o,k = (Tpks Yp Tpokes Ypx) | corresponds to the p-th object. This proposal
represents a random walk move with covariance ¥,. In the case of EP-SMCMC, the

proposal distribution for the joint draw is given by:

N+N,

1
@1 (g, zp—a |z 2] ) o Np(mﬂmk—ﬂnﬂ(%km > d(@es —z))
id J=Np+1
) N+Nb
= NN Th; g, 2 Z 0(xp— 1—a:k)1) (5.44)
Jj=Np+1

where p, and X, are derived from the NPsn, = 1,4 + Z#d 71;, and 1, 4 represents
the NPs of the transition density, p(xg|xr_1). The same local proposal distribution
as used in SMCMC and AS-SMCMC, equation (5.43), was selected for the refinement
step in EP-SMCMC.

It is interesting to note that in this example the likelihood expression, given in
(5.41), is independent of an object’s velocities. Therefore, when determining the nat-
ural parameters of the approximate likelihood terms using (5.32), the subtraction of
the precision terms between the posterior and predictive posterior state pdfs were
forced to zero for all the dimensions related to object velocity. This eliminates po-
tential numerical problems that could arise in the empirical estimation of the natural
parameters from a finite number of samples.

The estimated tracks for a single simulation run are shown in Figure 5.2. An
abundance in measurements results in all algorithms returning accurate estimate re-
sults. The RMSE, averaged over all the position dimensions for the three objects, is
given in Figure 5.3. There is a negligible increase in RMSE for the positions related
to the EP-SMCMC. The computation time per time step for each algorithm is illus-
trated in Table 5.4. The acceptance rates of the joint draw and refinement steps are

illustrated in Table 5.5 and 5.6 respectively.

5.5.4  Fxample 3: Object Tracking in a Distributed Sensor Network

Consider the scenario of an object moving through a highly cluttered environment. A

distributed sensor network, consisting of several data rich sensor nodes, is utilised to
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Figure 5.2: Tracking results for a single run of the algorithms.
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Figure 5.2: Tracking results for a single run of the algorithms. (cont.)
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Figure 5.3: The RMSE averaged over the position dimensions for the tracking simu-

lation.

Table 5.4: Algorithm computation time per time step.

Algorithms | Time (min) Computational
Gain (%)
SMCMC 505.42 0
AS-SMCMC 388.82 23.07
EP-SMCMC 59.06 88.31

Table 5.5: Acceptance rates for the joint draw.

Algorithm Acceptance Rate
(Min, Median, Mean, Max)
SMCMC (0, 0, 0, 0)
AS-SMCMC (0, 0, 0, 0)
EP-SMCMC (L = 1) (0, 0, 0.002, 0.01)
EP-SMCMC (L = 2) (0.04, 1.35, 1.35, 3.09)
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Table 5.6: Acceptance rates for the refinement step.

Algorithm Acceptance Rate
(Min, Median, Mean, Max)
SMCMC (28.92, 29.45, 29.45, 30.08)
AS-SMCMC (28.94, 29.31, 29.43, 30.25)
EP-SMCMC (L = 1) (62.37, 63.60, 63.65, 65.43)
EP-SMCMC (L = 2) (25.78, 26.76, 26.92, 28.77)

monitor the object which returns multiple object and clutter measurements at each
time step and each sensor node. The EP-PF and EP-SMCMC, are well suited for such
scenarios since the distributed structure of the scenario matches that of the methods.
These methods are compared with the standard PF, described in Algorithm 2, for the
inference of the latent states of the object over several experiments. The motion of
the object is modelled with the nearly constant velocity model as in (5.40). Similarly
to (5.41), the likelihood per sensor node is represented by:

Mg,k

p(zarlze) o [ [ Axpx(Zianl®r) + Acpo(zian), (5.45)
i=1

with px (ziakl®r) = N(Ziax; b (xr) ,2), where h () = \/(xk — dex)2 + (yr — Sd,y)z,
and (Sqz, de)T represent the position coordinates of sensor node d.

The metrics used to compare the performance of the filters are: the RMSE of
the position, which illustrates the tracking accuracy of the filters; the simulation
computation time of the distributed filters; and the communication cost for sharing
information between the sensor nodes. Due to the many different variables associated
with the speed of a communication link, the number of doubles which are required to
be transmitted between nodes by each algorithm in order to infer the filtering posterior
state pdf is considered. In the PF, it is required to transmit all the measurements from
each sensor node at each time step, to a centralised processing node. Assuming that

each sensor node is capable of communicating with the processing node in parallel,
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then the number of doubles required to be transmitted is given by

CCPF = Imax Md,k~ (546)
1<d<D

For an interconnected network, the communication cost of broadcasting the NPs

of each sensor node in the EP based methods is related to the number of EP iterations,
Cgp.pr = (L — 1)Nnp, (5.47)

where Nyp is the number of doubles used to represent the NPs.

The following parameters were utilised across all simulations, unless otherwise
specified. The number of particles for the PF and EP based methods are N = 10000,
and N = 5000, respectively. The number of MC simulation runs is N; = 50. The
number of time simulation steps is 7' = 70. The motion model parameters are T = 1,
and o, = 0.5. The number of sensor nodes is D = 4. The object observation model
parameters are Ay = 200, and 3 = I. The clutter parameters are: Ao = 100, and
A, = 4x10* The number of EP iterations is L = 2. The object trajectory and sensor

node positions relative to the object for the experiments are illustrated in Figure 5.4.

The number of particles was selected to match the number of particles that are
required to be processed at each time step for all the algorithms. The EP iteration,
L, determines how many times the particle set is required to be re-evaluated. Results
are illustrated for the minimum number of EP iterations. The average RMSE for the
position is illustrated in Figure 5.5. Overall, there is a negligible loss in tracking accu-
racy when using the EP based approaches with only 2 EP iterations when compared
to the PF.

For the given experimental setup, the communication cost is given in Table 5.7. It
is clear from this result that a significant advantage of the EP based methods is the
massive reduction in communication cost. This is due to the ability of the EP based

methods to transmit the information found within the measurements at each sensor



5.6 Summary 125

100+ O O -

901 1

80 .

70} -

60 .

£ sof 1
>

40} -

30t Target Trajectory|

ool ¢ Starting Point |

x  End Point
10} O Sensor Node :
0 i Q Il Il Il Il Q |
0 20 40 60 80 100

Figure 5.4: Object trajectory and sensor node placement for the experiments.

node in a fixed small number of NPs.

Finally the computation complexity of the distributed methods is illustrated in
Table 5.8. The SMCMC based approach incurs a higher cost due to the additional
sampling for the state x,_;. However, MCMC sampling has been shown to be more
efficient in high dimensional state spaces [69, 108], thus the EP-SMCMC is favoured

for high dimensional state space models.

5.6 Summary

In this chapter, the problem of object tracking with an excessive number of measure-
ments is considered. A large number of measurements can be detrimental to real time
systems due to increases in computational time. To this end, three novel methods
were presented to reduce the computational burden.

The first method is based on the introduction of adaptive subsampling into an

SMCMC framework. In this case the computational load is reduced by only con-
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Figure 5.5: Average RMSE for the position of the object.

sidering a subset of all the measurements at each time step. The samples obtained
from the SMCMC are a controlled approximation of the posterior state pdf of all
measurements.

The second and third methods are based on combining the EP algorithm with
an SMCMC and PF framework. In this case the computational load is reduced by
separating the measurements into batches and processing the batches in parallel. The
samples obtained from the SMCMC and PF are approximations of the posterior state
pdf of all measurements due to the manner in which the information from the batches
is combined.

The power of the methods was displayed through three examples, with compar-
isons to a standard SMCMC and PF algorithm. The first example was based on a
linear Gaussian model. This has the advantage of having the KF as a benchmark for
performance. The second example considers the problem of multiple object tracking.

The third example considers the problem of tracking an object in a distributed net-
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Table 5.7: Average number of communicated doubles for one time cycle (from & to
k + 1) for each method.

Method Average number of
communicated doubles per sensor
node
PF 300
EP-PF 20
EP-SMCMC 20

Table 5.8: Distributed method computational expense for one time cycle (from k to
k+1).

Method Time (s)
EP-PF 7.02
EP-SMCMC 10.78

work, which suits the structure of the EP based approaches. The proposed methods
greatly reduced the computational time for Bayesian filtering, by up to 90% in the
conducted experiments. The experiments also illustrated that the EP based methods
have up to a 93% reduction in communication costs when compared with a centralised
PF framework in a distributed network.

The flexibility of the proposed methods allows for their application in a wide
variety of problem areas, e.g. these methods can be applied to advanced multiple
target tracking scenarios through a joint state vector approach with the incorporation

of an existence variable as in Chapter 4, or a reversible jump mechanism [23].



128 Object Tracking with Tall Data

Algorithm 14 Adaptive Subsampling Sequential Markov Chain Monte Carlo

1: Initialise particle set: {wo év 1

2: Determine initial proxy parameters.
3: for k=1,... T do
4: form=1,...N + N, do

5: if m =1V N, then
6: Update proxy parameters.
7 end if
8: Joint Draw
9: Propose {x},z}_,} ~ ¢ (a:k, mk_1|m2”*1,a:?:11)
m—1,,m—1 PR m—1 _ m—1
10: Compute ¢y (z*, 2t 2" L " )= L1 lo i )ql(wf’wk_l,lw’“ )
pute Yrlh Py # T ) = 3 108 | e D (o e i)
11: Compute Afm’k (:1:};,:132”_1) and {pz(a:?_l,:nZ)}]\f’“ with the routine described by
Algorithm 15.
12 AT e > a2 e ) - i S orla ! af) then
13: {z o} = {zp 24}
14: else
-1
15: {m}?aw?ﬂ} = {3221 xk 1 }
16: end if
17: Refinement
18: Propose x}_; ~ q2 (a:k_l\azzl, 5‘32;”—1)
19: Compute the MH acceptance probability
py = min ( 1 pla;_lefzin) e (@p e e )
2 ’qz(mz_1|w}?,m}€"_1) plx |l |,21:1)
20: Accept x}' | = x;_, with probability po
21: Divide xj into P disjoint blocks {Qp} —1 such that (J,€, = {1,..,Ng} and
Q, N Q= 0,¥p#q
22: for p=1,.,Pdo
23: Propose :U;Sp’k ~ g3 (xgpyk\wzn, :BZL_I)
P, oo )as.p (@, wlop @p ) )
24: Compute 93, (¥ ., x? .,z ) = = log |u £ 2
: ompute T an i(2 T Tk wi e routine de-
25 Compute Aj7* b ko, ) and {p(@d . xh )bty with the routine d
scribed by Algorithm 15.
e A Sm. 1 M
26: i ASD" (e, 0 @G, 8) > Yap(h, 5 TG, 0 TEL1) — 31 im0 (TG, 5 T, k)
then
27: wg‘pk = :cg‘lp’k
28: end if
29: end for
30: end for
31:  Approximation of the marginal posterior state pdf with the following empirical mea-
sure:

N+N, j
Blaklzie) = % S0 oy — )
32: end for
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Algorithm 15 Adaptive Subsampling Routine

1: Given: The current and proposed states of the Markov chain, {xy, x;}, the
complete measurement set, 2y = {Z1 4, ..., Zm, 1}, 0, and Y(+).

2: Initialise: number of sub-sampled measurements, S,,, = 0, Approximate log
likelihood ratio subtracted by proxy, A = 0, set of sub-sampled measurements,
Z.r = 0, initial batchsize, b = 1, while loop counter, w = 0.

3: Compute an upper bound for the range, R?, according to (5.14).

4: Compute the proxy, {@;(xy, wZ)}f‘i’i, according to (5.11).

5: DONE = FALSE

6: while DONE == FALSE do

7: w=w-+1

8: {ZSW;C-&-L*,ka vy 2o} ~w/repl. 2k \ Zak

90 Zuk = Zuk U{Z5,, ot Lhs oo Zbsk )

10: A=3 (Sm,kA + Zi»’:smﬁl [log % — pi(@, wZ)D
11: Sm,k =b
12: 4, = B0,

13:  Compute ¢ according to (5.6) utilising d,,.

14: b= ’}/SSmJg N M,

15: i [A+ 5 S0 pi(ak, @7) — ()| = ¢ or Spi == M then
16: DONE = TRUE

17:  end if

18: end while

19: return A and {p;(xy, )}

Algorithm 16 Expectation Propagation Sequential Markov chain Monte Carlo

N

1: Initialise particle set on each computing node: {w((]j ) i1

2: for k=1,...,T do

3:  Partition M} measurements into D sets, {zq4x}7.,, and distribute the sets to

each corresponding computing node.

for L =1,..., L do {EP iteration index}

for d =1,..., D do {Computing node index (completed in parallel)}

Follow steps 3 to 19 of Algorithm 13 with (5.17) as the target distribution.
Determine the NPs of the approximated likelihood term, 14, according
to (5.21).
Distribute the NPs of the approximated likelihood term to the set D\ d
computing nodes.

9: end for

10:  end for

11:  Filtering distribution approximated with samples from the D computing nodes.

12: end for

*®
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Algorithm 17 Expectation Propagation Particle Filter: Algorithm for sensor node

d.
1: Initialise particle set: {mo N ", according to prior distribution.
2: for k=1,.../T do
33 for/=1,...Ldo
4: if / == 1 then
5: initialise the NPs from the set D \ d of sensor nodes: {m; }i4.
6: end if
7: for j=1,...,N do ' '
8: Sample a particle: :I;,(j) ~ q(a:k]azfj_)l, 21
9: Update the particle weight:

10:
11:

12:
13:

14:
15:
16:
17:

18:
19:
20:
21:

—_

wd) = @ ? p@? |2 p(zarler) [T w(@xln:)

- g(@ e | 1) '
end for "
J

Normalise the weights: w( ) = mJ=1
Ziw

if Resampling then
Select N particle indices j; € {1, ..
Set ZBk = :13,(5’
end if
Estimate the following NPs: n, 4 and m 4.
Compute the NPs for sensor node d:

Nd = Na,d — Mb,d — Ziygd Up

yrt

, N} according to weights {w
andwl(f) =1/N 2—1,...,

N.

] 1

N.

Transmit the NPs for sensor node d to the set D \ d of sensor nodes.
Receive the NPs for the set D \ d of sensor nodes .

end for
ﬁd(iﬂk\zm) =

Z;'V:I w}gj)é (-’Ek _ ml(cj))

22: end for




Chapter 6

CONCLUSIONS

The aim of this thesis was to present computationally efficient methods for object
tracking in complex systems. The specific complexities considered included the track-
ing of an overwhelming large number of objects; complexities in the sensor character-
istics; and large amounts of measurements from data rich sensors or sensor networks.

A Box PF and CPF framework for tracking a large crowd of objects was presented
in Chapter 3. These methods followed a large group approach where the aim was
shifted to inferring the kinematic states, measurement rates, and parameters which
characterised the shape of the crowd. A theoretical derivation for the generalised
likelihood function for the Box PF was presented. The likelihood was calculated based
on optimisation, by solving a CSP with multiple measurements. An adaptive CPF
was presented that was able to deal with multiple measurements, including a high
level of clutter. The CPF was able to resolve the data association problem without
the need of estimating the measurement rates. The filters adaptively tracked the
envelope of a crowd. Both filters resolved the data association problem in an efficient
way. The Box PF and CPF were compared with the SIR PF. The experiments showed
that the Box PF and CPF require a significantly smaller number of (box) particles
than the SIR PF, and are also more robust to initialisation errors.

The formulation of the crowd tracking problem has been shown to be directly
related to the formulation of the extended object tracking problem. In Chapter 4,
a Box PF method for multiple extended object tracking was proposed. A theoreti-
cal derivation of the generalised likelihood function of the Box PF for this case was

presented. The proved equation was further modified to minimise the computational

131



132 Conclusions

complexity. Experiments on real data from laser rangefinder sensors has shown that
the Box PF can work efficiently with four to thirty two box particles, whereas the PF
working with point particles needs several thousands of particles to achieve the same
accuracy. The Box PF has been shown to have several advantages when compared
to the BP PF. This included a significant computational gain, more than 32%, which
could potentially be further exploited through an implementation on a platform that
is efficient in interval arithmetic. The Box PF exhibited robustness for a significantly
smaller number of box particles which completely encompassed the initialisation re-
gion.

In the context of object tracking, tall data refers to an excessively large number
of measurements from sensors. This causes a large computational expense for sam-
ple based methods such as SMCMC and the PF. In Chapter 5, three novel methods
were developed based on the introduction of adaptive subsampling into an SMCMC
framework, and EP into an SMCMC and PF framework. The power of the algorithms
was displayed through three examples, with comparisons to a standard SMCMC and
PF algorithms. The proposed algorithms greatly reduced the computational time for
Bayesian filtering, by up to 90% in the conducted experiments. The adaptive sub-
sampling approach afforded a computational gain by only evaluating the likelihood
function for a subset of the measurements. In contrast, the EP based algorithms
were afforded a computational gain through a divide and conquer approach. Both
approaches had flexible structures. The EP based methods had several advantages
when used in an interconnected sensor network including: i) they did not rely on
a synchronous random number generator; i) they were scalable to any sized inter-
connected network of sensor nodes; i) they were capable of intuitively integrating
measurement, information in the proposal distribution; ) the EP based framework
allowed for an approximation of the filtering posterior state pdf at every sensor node
in the network; and v) they were well suited to handle large volumes of measurements
due to significantly reducing communication costs. The experiments illustrated that

the EP based methods had up to a 93% reduction in communication costs when
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compared with a centralised PF framework.

6.1 Directions for Future Work

Object tracking in complex systems remains a challenging task with a large scope for
future research. Below is a non-exhaustive list of directions for future research based

on the findings in this thesis:

e The focus of this thesis has been on object tracking, however, state space models
are capable of representing a wide variety of dynamic systems. Recently, several
emerging complex systems have become of interest. This includes smart cities
[70], traffic mobility over large scale traffic networks [85], satellite image data
[63] etc. Future work could be focused on extending the methods presented in

this thesis to these interesting applications.

e The Box PF based methods have been shown to require a significantly lower
number of particles to represent the posterior state pdf. However, this reduction
in particles has not reduced the computational complexity of the algorithms by
the same order of magnitude. This is in part due to the additional interval
arithmetic operations, but also due to the use of an inefficient MATLAB tool-
box for these operations, INTLAB [101]. INTLAB was originally designed and
optimised for estimating rounding errors. Development of a MATLAB toolbox
optimised for the interval operations utilised in the Box PF would aid future

development of Box PF based methods.

e A unique aspect of the Box PF method is the requirement of contracting the
box particle states given the measurements. In Chapters 3 and 4, this was
done through the definition of a CSP given by an individual measurement. The
contracted box particles for each measurement were then combined to obtain
a box particle contracted by all the measurements. An alternative approach

would be to consider the constraints from the individual measurements jointly,
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as a single CSP. However, measurements not originating from the object would
lead to a violation of the constraints, resulting in no solution for a standard
CSP. Future research could consider a flexible CSP, where certain constraints
may be relaxed, such as a weighted CSP [43]. It would also be interesting to
see the relation between this proposed approach and the approach presented in

this thesis.

In the adaptive subsampling based method in Section 5.2, future work could
be focused on further refining the method for object tracking. This could be
achieved by exploring non-uniform subsampling of the measurements, and fur-

ther theoretical development of the proxy term for the likelihood.

As stated in Sections 5.3 and 5.4, the performance of the EP based methods were
linked to an approximation of the likelihood function at each local processing
node by a distribution which was a member of the exponential family. Although
this includes a wide variety of distributions, there may be scenarios where this
is a poor approximation. Future work could focus on relaxing the restriction
of the exponential family of distributions by reformulating the problem with a

Gaussian mixture distribution.



Appendix A

LIKELIHOOD FUNCTION
DERIVATION AND CLUTTER RATE
ESTIMATION FOR CROWD
TRACKING

In Section 3.4 the following approximation is presented:

In this Appendix a detailed description supporting this approximation is presented.
In order to evaluate the integral, it is required to transform the domain of the
uniform distribution relating a measurement to a measurement source. The explicit

expression for the pdf of this distribution is given by:

~ L h (Ymi) € [Zmk — 30, 2 + 30)
ULzl (h (ym,k)) =9 ° (A.2)
0 : elsewhere

The inverse function of A(-) is defined as A~'(-). When the inverse function exists,

a change of variable can be straightforwardly made that results in:

dym,k:

1

6o

D Ymk eX

9 (Ymi) = (A.3)

0 : elsewhere
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where X = [A"Y(2pmx — 36), " (Zmx + 30)]. Thus the integral in equation (A.1) is

directly solvable in the following form:

/ U[zm’k] (h (ym,k)> Uq(wk) (ym,k) dym,k

= /g (ym,k) Uq(wk) (ym,k) dym,k’ (A4)

It is worth noting that after the transformation, the expression in (A.3) is not neces-

sarily uniform.

A.1 The Linear Case

For the linear observation model, given in (3.11), the expression in (A.3) remains

uniform:

6%_ L Ymk € [Zmk — 30, Zm i + 30]

9 (Ymp) = (A.5)

0 : elsewhere

The range of the uniform distribution is dependent on the noise characteristics of
the sensor. The range of the second uniform distribution, Uy(z,) (Ymk), in (A.1) is
dependent on the extent parameters of the crowd. The integral in (A.4) only exists
when the two uniform distributions overlap. The overlapping region is defined by:
) = Tp — :3’“ =301 < 21k < T —|—b%’“ + 30 (A.6)
Ye — 5 — 302 < Zomp < Yk + & + 302
The approximation in (A.1) is based upon the assumption that the length of the
extent is significantly larger than the sensor noise characteristics. For instance, the
case when the extent tends towards an infinite length with fixed sensor noise is also
equivalent to an extent with a fixed length size, and with a sensor noise tending
towards zero. In this case the uniform distribution in (A.5) tends towards the Dirac

delta function, i.e.

+00 Ym,k = Zm,k
9 (Ymi) = (A7)

0 : elsewhere
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Consequently resulting in equivalence in (A.1):

[ 9/W08) Vst (U0) s = U (2. (A8)

In reality, the extent is not infinite, however in general, it is considered significantly
larger than the range of the sensor noise. This is the motivating factor for the result

in (A.1).

A.2 The Non-linear Case

A toy example is presented to illustrate the effect of a non-linear relationship be-
tween the sensor and a measurement source. Considering a single dimension with the

following relationship,

Zmk = il(xmk) +&p = (Tmn)® + Er,s (A.9)

results in the following transformation:

1
56 Umk  * Tmk € [ Zmk — 30’, Zmk + 30’]
g (@mp) =S ° v v (A.10)

0 : elsewhere

In this case, the function ¢ (x,, ;) is clearly no longer uniform. An example of the
solution of the integration in (A.4) is illustrated in Figure A.la.

This example illustrates that although non-linearities may result in the non-
uniformity of g(x), when the extent parameters are significantly larger than the
measurement error noise, a uniform approximation for equation (A.1) may still be

valid. The effect of greater non-linearities is a topic for future research.
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Figure A.1: Example solution of equation (A.1) with x; = 10 and ap = 10 with

varying o.
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A.3 Crowd and Clutter Measurement Rate Estimation

The clutter rate Ao and the crowd rate Ay can be updated based on the assumption

that they can be drawn from the Gamma distribution, similarly to [59]. For A¢

p(AclZi) = SAM(Ac; oy, Bie)
X L<O‘ko‘k—1a Blﬁk—la MC,k)v (All)

and the updated parameters of the Gamma distribution for the clutter measurement

rate are:

akc\k = O‘kc\kq + Mc,
Blﬁk = 51%—1 + 1. (A.12)

For Ar the same relations as (A.12) are valid for the Gamma distribution parameters.

and for the clutter measurement

In the Box PF implementation, Mrj; = min ‘Sg)
p

rate, MC,k = Mk — MT,k‘



Appendix B

EXPANDED GENERALISED
LIKELIHOOD FOR MULTIPLE
EXTENDED OBJECT TRACKING

According to (4.21), given J, for any value of My:

M, My (o) o
I ((ZDIETICIEVEESD BB BH WA
m=1 i€d m=1 j=1 n=1
m
H >\T7(bm7n)2p(z(am,j)lak|m(bm,n)2,k)’ (B]‘)
(=1
To simplify notations, define: ¢,,; = p(ZmrlTir) and C(cig, cag, ..., Car 9 )

represents the summation of all @ unique combinations of c¢,,; terms mul-
tiplied by the associated object densities, with C(cyig,c29,...,ca,9;0) = 1,
G(CLJ,CQJ,...,CM]mj;_1) = 0, and 6(6173,6273,...,CM,€73;M]§ + 1) = 0. For ex-
ample, if J = {1,2}, then 6(6113,0275703,3;2) = /\%101710271 + /\T,l)\T,201,102,2 +
>\T,1)\T,201,202,1+)\%,201,202,2+)\%,102,103,1+)\T,1)\T,2CQ,1C3,2+)\T,1)\T,262,203,1+>\%,202,263,2+
A ic1a6s1 + AraAreciicsa + AriAraciacsy + A oc1a¢s2. A useful decomposition of

the expression in this form is: C(cyg,cayg, ..., car+19;0) = Clerg, €29, oy Crr; %) +

Y ics AMrica+1,:C(c1g, e, . e 95 — 1). The compact form of equation (B.1) is

My, My,
H <p+z/\T,iCm,i> = Z pMETMC (er 9, 0.9, ony Caty 03 ). (B.2)
m=1

1€J m=0
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Base case: M, = 1:

1
P+ Aricii= Y p"Clergim)
i€ m=0

=p'7%€(c15;0) + p' €195 1)

=p+ Z )\T,icl,i- (B?))
1€]

Inductive hypothesis: Suppose equation (B.2) holds for all values of Mj.

Inductive step: Consider the scenario with M, + 1 measurements,

My+1
11 <P+ > AT,iCm,i) =
m=1 i€J
My,
H <p+ g )\T,iCm,i> <p+§ )\T,iCMk+1,i>
m=1 = =
My,
M —m .
= E P MC(C19, €2, oy CMy 33 T) <p+§ )\T,iCMkJrl,i)
m=0 i€d
My+1
_ Mp+1—m .
= Z pE Clerg, €23, o Chay 33 M)
m=0
My+1
Miy+1—
+E AT iCM+1,i § p MR ey g, 09, oy Cagy g3 — 1)
i€J m=0
My+1

_ Mp+1—m .
= E pE <G(Cl,3702,37 ey CM,, 95 T)
m=0

+ 5 Arica+1,:C(c1g, €29, .. Cary, 95 M — 1))
=
My+1
_ Mp+1—m .
= E P k 6(0173,6273, ...,CMk+17j,m). (B4)

m=0

By the principle of mathematical induction, the proposition holds for all M, € N.



Appendix C

HESSIAN OF THE LOG LIKELIHOOD
FOR OBJECT TRACKING IN TALL

DATA

The AS-SMCMC algorithm requires an upper bound on the range of the log of

the single measurement likelihood ratio, as described in equations (5.13) and (5.14).

The upper bound is dependent on the Hessian of the log of the single measurement

likelihood. In the examples exhibited in Section 5.5, the upper bound is independent

of the data and is computed offline prior to tracking.

In Example 1 the likelihood for the 7th measurement is given by:

p(ziklxr) =N (2 Hzy, R) .

with corresponding log likelihood:

1 N, 1
li(ay) = —5 log(|R]) - leog(%r) — —(zix — Hxp) "R (21 — Hay,).

2

The gradient of the log likelihood is:
V&(:vk) = HTR_l(Zi7k — Hd)k)
Finally, the Hessian of the log likelihood is given by:

V(x,)=H R 'H,
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In Example 2, the likelihood for the ith measurement is given by:

Nt
p(zikler) = Aepo(zin) + > Axpx (Zinl @)

j=1
with corresponding log likelihood:
Nt
li(zg) = log (Acpc(zi,k) +) )\X}?X(Zi,k!wj,k)> :
j=1
The gradient of the log likelihood is:

AxVpx

</\CpC(zi,k) + 200 /\XpX(Zi,k|wj,k>)

(C.5)

where Vpx = (Vpx(zik|Z1k), - VpX(zi,k]:I:NTyk))T. Finally, the Hessian of the log

likelihood is given by:

(ACPC(Zi,k) + Zj\g )\XpX(Zi,k|wj,k)) AxVpx + A Vpx (Vpx) T

VQ&(wk) = N 2
<)\C’p0<zi,k) + 2250 Axpx(zi,k‘wj,k»

. (C.8)



Appendix D

EXPECTATION PROPAGATION

This Appendix outlines the EP algorithm which forms a crucial part of the frame-
work for the EP-SMCMC and EP-PF filters presented in Chapters 5.3 and 5.4, re-
spectively.

Consider an intractable density f(a) which can be factorised up to proportion

f@) o< ][ ful=). (D.1)

The EP algorithm addresses the problem of using a tractable density to approxi-

mate f(x) [86]. The approximation takes the same factorised form,

g(@) o [ [ an(a), (D.2)

where each factor gx(x) corresponds to the factor fx(x) in (D.1). To ensure that the
EP is computationally tractable, the approximating class of densities is constrained

to the exponential family,

gr() = h(z)g(n) exp {n u(z)}, (D.3)

where 7 represents the natural parameters, u(x) is a function which varies depending
on the member of the exponential family, and g(n) is a coefficient that ensures that
the distribution is normalised. This constraint means that the overall approximation,
g(x), will also be from the same exponential family, described by a set of sufficient

statistics.
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The EP algorithm begins by initialising the terms, {gx(x)}/_,. The initial estimate
for the approximation is thus given by (D.2). Until convergence, choose a factor to

update, g;(x), i € {0, ..., K}. Remove the factor from (D.2) according to:

§V(x) o 2 () (D.4)

The parameters of the factor are then updated based on the minimisation of the

following KL divergence:
9" (z) = argmin KL(g "' () fi(@)[|g "' (2) gi () (D.5)

There are no guarentees of convergence for the EP iterations. However, the algorithm
has been successfully applied in many applications for models with log-concave factors,

fr(x) and initialisation to the prior distribution [45].
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