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Abstract

ntil recently the applications of radar technology have been limited to envi-
U ronments with large open space. One of the reasons for such confinement
is the radar system’s dependence on line of sight communication for detection
and/or tracking; this is easily accomplished in an open space environment. Addi-
tionally, it has been long believed that multipath reflections hinder the functions
of a radar system.

Modern research efforts, however, have radically challenged the belief that
multipath reflections are nuisances. Various studies suggest that multipath reflec-
tions contain information that could be exploited for tracking and/or detecting
objects. This paradigm shift has enabled potential new applications in radar tech-
nology, particularly pertaining to multipath rich dense urban environments. The
main focus of this thesis is the study of radar tracking using multipath in an urban
environment. We have particularly emphasised accounting for uncertainty inher-
ent in urban environments. In doing so, we have adapted a Bayesian probabilistic
framework for inferential tasks.

After introducing a robust model for a multipath environment, we derive per-
formance bounds for tracking a moving target in such an environment. Recent
developments in nonlinear statistical signal processing, as well as the availabil-
ity of powerful computing resources have enabled us to design statistical filters
for challenging tracking problems. Consequently, we propose a novel Markov
Chain Monte Carlo based particle filter to address the tracking problem pertaining
to our multipath model. We then address the multipath tracking problem where
much larger uncertainty exists on the locations of the building in the urban envi-
ronment; that is, when a map of the environment is not available. We also study
a particular generalisation of a multivariate von-Mises distribution, which was
encountered while addressing the tracking problem. A comprehensive Bayesian
conjugate analysis of this distribution is provided.
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“Far better an approximate answer to the right question, which is often vague, than
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CHAPTER 1

Introduction

1.1 What is multipath?

radar system operates by transmitting electromagnetic signals, which upon
A contact with various objects are reflected back to a radar sensor. The signal
that is received is then processed to detect and/or track the state of the objects
from which it is reflected. Unless the radar system operates in an open area, the
radar sensor receives signals over multiple paths due to the transmitted signal
being scattered by other uninteresting objects in the environment. We use the term
“direct path” to refer to a path that only comes into contact with the object of
interest, whilst a path that arises due to multiple reflections is referred to as a
“multipath”.

Typically, in conventional radar systems, only the direct path is considered
valuable or informative; therefore various techniques are used to mitigate the ef-
fects of multipath. The modern treatment of the subject is quite the opposite; since
some of the multipaths may have come into contact with the object of interest,
recent studies have initiated a paradigm shift where multipath is exploited to en-
hance the radar detection and filtering process.

This thesis contributes and further extends the research on multipath radar by
rigorously investigating some interesting topics related to the subject.

1.2 Summary of contributions

e We introduce a novel measurement model for the multipath radar tracking
problem. One of the objectives of the model is to probabilistically formulate
some of the uncertainty prevailing in a realistic radar environment, which is
not accounted for in existing models. This is done by extending the radar
measurement equation by introducing some random parameters. Further,
the new model does not impose any geometrical restrictions on the place-

ment of obstacles within the environment.
e We investigate the performance bounds for estimating the target state using

1



2 Chapter 1. Introduction

our model of the environment. The Posterior Cramér Rao Bound (PCRB)
is derived by exploiting the physical relationships formed in the multipath

environment due to specular nature of the reflections.

e We propose a Markov Chain Monte Carlo (MCMC) based particle filter to
solve the difficult filtering problem associated with tracking a target under

the proposed measurement model.

e We study the target tracking problem when the map of the environment is
unavailable. The data association problem appearing in this context is solved
using an importance sampling based method.

e We present a particular generalisation of the multivariate von-Mises (VM)
distribution, which has a direct relationship to the proposed multipath mea-
surement model. A comprehensive Bayesian analysis of the new distribution
is provided.

1.3 List of publications

Journal articles

e Scholarly journal articles titled “Target tracking in a partially unknown mul-
tipath environment using an MCMC based particle filter” and “Multipath radar

tracking in an unknown environment” are under preparation.

International conferences

e B. S. Karunaratne, M. Morelande, and B. Moran, “MCMC particle filter for
tracking in a partially known multipath environment” in IEEE International Con-
ference on Acoustics, Speech and Signal Processing (ICASSP), 2013, Vancouver,

Canada.

e B.S.Karunaratne, M. Morelande, and B. Moran, “Target tracking in a multipath
environment” in IET International Conference on Radar Systems, Glasgow, UK,
2012.

e B.S. Karunaratne, M. Morelande, and B. Moran, “Bayesian conjugate analysis
for multiple phase Estimation” in IEEE International Conference on Information
Fusion (FUSION), Singapore, 2012.

e B. S. Karunaratne, M. Morelande, B. Moran, and S.Howard, “Performance
bounds for tracking in a multipath environment” in IEEE International Conference
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on Acoustics, Speech and Signal Processing (ICASSP), Prague, Czech Republic,
2011, pp. 3652-3655.

1.4 The organisation of the thesis

From a high level perspective, our efforts have focused on modelling and mitiga-
tion of the uncertainty present in a realistic multipath radar environment. In most
of the existing literature on multipath radar, it is assumed that the environment
is known precisely. We believe that by acknowledging the unknown and incor-
porating the resulting uncertainty through mathematical models, more robust fil-
tering solutions could be developed. We have adapted the Bayesian probabilistic
framework throughout our work, since it blends naturally into translating the un-
certainty associated with the multipath environment into stochastic mathematical
models. The core of this thesis spans over six chapters.

Chapter 2 provides background material required for understanding the rest
of the thesis. Here the objectives are twofold. The first being to introduce some
concepts relevant to statistical signal processing, mainly from a Bayesian point of
view. Introductions to popular tracking algorithms are also provided. The second
objective is to introduce briefly some of the main radar system concepts.

In Chapter 3, we study the performance bounds for tracking a target in a mul-
tipath environment. First, we propose a model for the multipath environment
where the locations of the walls are only approximately known. In other words,
we assume that there exists some uncertainty in the knowledge about the location
of the walls. We believe that this is a reasonably realistic assumption given the
availability of electronic data such as Google Maps. As an example, the uncer-
tainty in the location could be due to the errors in the map used to obtain knowl-
edge about the environment. Further, we relax the assumption that the reflectivity
factors of the walls are known exactly. These various sources of uncertainty in the
environment are captured in the model by introducing relevant parameters to the
radar measurement equation and treating them as unknown random parameters.
As an example, the uncertainty in the wall locations is captured by introducing a
random phase shift to each of the multipath signals. The PCRB is defined as the
lower bound on mean squared error for estimating random parameters. In this
chapter, we derive the PCRB for tracking a target under the proposed multipath
model.

The random phase shifts that we introduced into the measurement equation
make the filter design process challenging. These parameters are circular variables

by definition. Thus, while in pursuit of designing a filter, we were led to investi-
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gate a particular multivariate generalisation of the VM distribution. In particular,
the normalising constant of this multivariate VM distribution has a direct relation-
ship with the multipath radar target tracking problem; the specifics are described
in the same chapter. A Bayesian conjugate analysis for this Generalised von-Mises
(GVM) is described in detailed in Chapter 4.

The statistical filter developed for the multipath filtering problem introduced
in Chapter 3 is described in Chapter 5. The estimation problem proved to be very
challenging, particularly because of the environmental uncertainty in the model.
The standard nonlinear filtering methods such as variants of the Kalman filter were
not even remotely suitable for our problem. We used a sequential Monte Carlo
technique known as particle filtering to develop a solution. However, we had to
adopt a different approach from the common one of using importance sampling to
generate the required particles for many reasons that are also discussed in Chapter
5. As an alternative to importance sampling, we made use of MCMC to generate
the required particles.

In Chapter 6, we extend the previous problem by considering a model where
extremely large uncertainty of the locations prevails. The brute force method of
solving the data association problem appearing in this context was not feasible be-
cause the number of association hypotheses grows exponentially with the number
of obstacles. We provide an elegant solution to this problem through importance
sampling. It is shown in the same chapter that explicit ordering of the elements of
the state vector sometimes adversely affect the filter performance. This problem
was solved in Chapter 6 using a recently published method known as Set Joint
Probabilistic Data Association Filter (SJPDAF). Because of the difficulty posed by
the tracking problem, we had to explore beyond the realm of traditional tracking
algorithms to propose a robust solution.



CHAPTER 2

Background

Summary

n this chapter, we present the relevant background information to assist in com-
I prehending the rest of the thesis. The chapter is divided into two main parts. In
the first part, the statistical signal processing concepts are introduced. Brief intro-
ductions to tracking algorithms: Kalman filter, Extended Kalman filter, Unscented
Kalman filter, and Particle filter are also discussed in the first part. The second part
is reserved to introduce the important principles of a generic radar system.

2.1 Introduction to statistical signal processing for target
tracking

The main aim in statistical signal processing is to infer and/or predict unobserved
parameters of a system upon observing noisy measurements. Apart from the noise
present in the measurements, the unobserved parameters of the system may also
introduce randomness to the overall system through non-deterministic dynamic
behaviour. The methods used in statistical signal processing can be divided into
two broad categories based on whether the unobserved parameters are considered
deterministic or random. The former is known as the classical approach to statis-
tical signal processing while the latter is known as the “Bayesian” approach.

We explain the difference between the two approaches with the aid of a simple
estimation problem.

Consider a simple scenario where a single unobserved parameter denoted by
# € Ris concerned. We observe a sequence of N measurements y1, >, ..., yn given
by

yi =0+ w; fori=1,2,...,N, 2.1)

where wy, wy, ..., wy are Independent and Identically Distributed (IID) random

variables with

w; ~ N (+0,0%) fori=1,2,...,N. (2.2)
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Here N () denotes the normal distribution with the usual parameterisation. As-
sume that the noise variance ¢ € R is known.

2.1.1 Classical inference of the unobserved parameter 0

In the classical approach the parameter 6 is treated as a deterministic (but un-
known) quantity. An estimator of 6 upon observing the measurements y, is a
function of the measurements, denoted by f(y,). An estimator is said to be un-
biased if the expected value of the estimator (averaged over the measurements) is
equal to the true parameter 6, for all possible 0; that is, for an unbiased estimator

é(yn):
0= / é(yn)p(yl,yz, oo, yn)dyrdys - - - dyn, for all possible 6. (2.3)
y

Among all the unbiased estimators, the one that has the minimum variance is
of particular interest, and is known as the Minimum Variance Unbiased Estimator
(MVUE).

For the simple example considered here, the likelihood function p(y; 0) is given
by

N
L6;y) =[N (y:6,0%),
i=1

1 1 N )
= 2ro)n2 P —@;(yi—e) : (2.4)

Though the likelihood function is a probability measure, p(y;6), defined on the
space of measurements, it is helpful to treat it as a function of 6, with the measure-
ments fixed. This leads to the popular classical estimator known as the Maximum
Likelihood Estimator (MLE), which is defined as the value of 6 that maximises the
likelihood function. We simulated an experiment of the model (2.1) with {N, 0,60}
set to {5,0.5,10} and observed:

[y1,...,ys)" = [9.956053, 10.058880, 10.706742, 10.354342, 10.609167]'.

The likelihood function (2.4) for the experiment is shown in Figure 2.1.

MLE can be found by differentiating the likelihood function and solving for the
parameters that yield a derivative of 0. Usually, it is mathematically convenient to
maximise the natural logarithm of the likelihood function, which is known as the

log-likelihood function; this is mathematically consistent because the logarithm is a
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0.10-

L(6:y)

0.05-

0.00-

Figure 2.1: The likelihood function for a hypothetical experiment using (2.1) with
{N, 0,0} set to {5,0.5,10}.

monotonically increasing function.
For the likelihood function (2.4), the MLE is found as follows:

[alog E(G;y)] —0 (2.5)
90 0=bnie
N A
s Y (vi — Omie) =0, (2.6)
i=1
. 1 %
OMiE = — Yi, (2-7)
N i=1
=:7. (2.8)

It is easily seen that the MLE is an unbiased estimator and the standard deviation
of the estimator is ¢/+/'N.

2.1.2 Bayesian inference of the unobserved parameter 0

In contrast to the classical estimation theory, the Bayesian way of treating un-
known parameters is to consider them as random quantities. Any prior knowledge
of the unknown parameters is quantified by a probability distribution, known as
the prior. As an example, suppose we know that a parameter we wish to estimate

is restricted to a certain range of values; this could be captured in the prior distri-



8 Chapter 2. Background

bution by assigning 0 probability density for any point outside the said range.

When new information (such as measurements from a sensor) is available, the
prior distribution is updated to arrive at the posterior distribution. The mathe-
matical framework for obtaining the posterior from the prior (in the light of new
measurements) is given by the well known Bayes’ theorem, which is named after
Rev. Thomas Bayes. However, the current mathematical form of the theorem is

due to the French mathematician, Pierre-Simon Laplace. Bayes” theorem states:

ploly) = LUDEE) 29)

Each of the terms appearing in (2.9) is identified with special terminology:

p(0ly) = The posterior distribution,
p(y|0) = The likelihood function (same as (2.4), which appears in
the context of classical inference theory. This is considered as,
a function of 8 with y fixed.),
p(0) = The prior distribution,

p(y) = The normalising constant or evidence.

Notice that in (2.9), the new information modifies the prior distribution through
the likelihood function. The posterior distribution quantifies the knowledge of the
parameter 6, upon observing y. In many instances of practical application, the
posterior distribution is known only up to the normalising constant; however, that
is usually sufficient to obtain posterior estimates such as the posterior mean which
minimizes the Mean Squared Error (MSE). Nevertheless, the normalising constant
is useful for model comparisons, and predicting future measurements.

Another challenge of practicality in Bayesian inference is that a closed form
solution of the posterior density is not available most of the time. However, there
are many techniques to obtain approximate solutions to the posterior distribution
when an exact solution is not available. With the increasing computing capabilities
available today, Monte Carlo methods are becoming a popular option for perform-
ing Bayesian inference. In particular, both Sequential Monte Carlo and Markov
Chain Monte Carlo methods have evolved as viable options, especially due to the

recent developments in parallel computing.

Now, we demonstrate the use of Bayesian inference by applying it to solve the

same estimation problem specified in (2.1) and (2.2).
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0.0+

Figure 2.2: An illustration of the likelihood, prior, and posterior distributions for a
hypothetical experiment.

Assume that the prior distribution 0 is a normal distribution with mean 10 and
standard deviation 1; that is
p(0) = N(6;10,1); (2.10)

For this example, the posterior distribution p(0|y1,y2...,ys) is readily available
through the well known Kalman Filter equations, which we describe later in this

chapter:
p(Bly1,...,y5) = N(6;K(y — 10H),1 — KH), (2.11)
where
Y= [y1 23 yays], (2.12)
H=[11111], (2.13)
K = H' (HH' + ¢’I5), (2.14)

with Is denoting the identity matrix of rank 5.

We set ¢ = 0.5 as before and run a single realisation of the experiment. The
likelihood function, prior, and posterior distribution alongside the true value of
6 is shown in Figure 2.2. Notice, how the uncertainty on 6, which is reflected by

the spread of the prior distribution, is reduced after observing relatively precise
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measurements as evident from the spread of the posterior distribution. The point
estimate of 0 (chosen as the posterior mean), in this particular example, is approx-
imately the same as that would have been given by the MLE in classical inference.
However, Bayesian inference, provides much richer information such as the cred-
ible region of an estimate, which can be clearly interpreted probabilistically as a
measure of believability based on the prior knowledge and the observed measure-
ments.

Particularly motivated by this ability to quantify uncertainty, we follow the

Bayesian framework in this thesis.

2.1.3 General recursive Bayesian solution for single target tracking

Consider a single target whose state evolves through time according to a known
stochastic differential equation. It is usually convenient to solve the inference prob-
lem in discrete time rather than in continuous time. Thus, we focus our efforts on
a discrete time target tracking problem (a stochastic differential equation can be
discretized by converting it to a stochastic difference equation).

We denote the target state vector at discrete time k as x;, wherek = 0,1,2,3,.. ..
The target state may include quantities such as position and velocity that might be
of interest for inferential purposes. Following the Bayesian framework, we treat
the target state as a random quantity. The target state is directly not observable,
but only through the use of some measurements. Denote the measurement vector
available at time k by yx. The trajectory of measurements up to time k is denoted

by the vector y*; that is
ye=Wys - vl (2.15)

Similarly, the trajectory of the target states up to time k is denoted by x*; that is
X =[x x5 ... x]. (2.16)

Assume that the measurement y; is related to the target state x; through a

known deterministic function hy(x):
Vi = hi(xi) + wy, (2.17)

where wy ~ py(-) is a temporally uncorrelated (that is wy is uncorrelated to w; for
k # I) white noise process. Further, we assume that the target dynamics follow a
tirst order Markovian process and x is related to x;_; through a known determin-
istic function fi(xx) as

xp = £ (1) + v, (2.18)
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where the noise v follows a temporally uncorrelated white random process with
Vi ~ o).
The state transitions are Markovian in the sense that:

p(xe X = p(xilxe-1).- (2.19)

Upon observing y* we are interested in establishing a recursive relationship
between the posterior distributions at time k and k — 1; that is between p(x|y*)
and p(x;_1]y¥~!). From Bayes’ theorem, we write p(x;|y*) as

p(yilxe Y ) p(xily* ) (2.20)
p(yily*—1) ' ’

plxly") =

Assuming that we know the posterior distribution at time k — 1, thatis p(xx_1|y* 1),
the posterior at time k is available from (2.20) via a two step procedure: prediction
and measurement update.

2.1.3.1 Prediction step

In this step, the prediction density p(x;|y*~!) appearing in (2.20) is obtained. Note
that the density p(x|y*~!) quantifies the knowledge of the target state at time k
after observing measurements only up to time k — 1; hence the name prediction.

Following the Chapman-Kolmogorov equations, the prediction density is related
to p(xe1|y*) by:

p(xely* ™) = /P(xk|xk—1/yk71)P(xk—1|yk71)dxk—1/ (2.21)

= /p(xk|xk,1)p(xk,1 |yk_1)dxk,1. (2.22)

Using a transformation of random variables, the density p(xk|xx_1) appearing
above is obtained from (2.18) as p,(xx — fx(xx—1)). Thus, we write the prediction
density as

p(xcly* 1) = / Po(xk — £ (xe-1))p (i1 |y* " dxe_ 1. (2.23)

2.1.3.2 Measurement update

In this step, the new measurement yy is used to adjust the prior belief conveyed
through the prediction density. From (2.20), note that the likelihood function p(yy|
xr), which contains the new measurement y;, when multiplied by the predic-

tion density p(x;|y*~!) returns a quantity proportional to the posterior density
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p(x¢|y*); that is

p(xe|y*) o< p(yxlxe) p (el y* 1), (2.24)
= pu(yk — he(x)) pOxil y* ). (2.25)

The last line follows from a transformation of random variable principle using
(2.17). Note that the prediction density p(x;|y*~!) was calculated in the previous
step: prediction. The normalising constant p(yx|y*~!), which ensures that the pos-
terior distribution integrates to 1 is given by

POY ) = [ palyi—helx))p(xdy* . (2.26)

Thus, the posterior distribution resulting after the measurement update is

] Po(yr — hi(xc)) /Pv(xk — £ (xk—1)) p (X1 | y* )X
p(xly’) =

/Pw()’k —hi(x0)) {/ Pol(Xxx — fk(Xkl))P(Xk1|Yk_1)ka1} A
(2.27)
This procedure, which we refer to as the general Bayesian filtering recursion, is

shown in Figure 2.3.

Note that in the context of tracking a target over time, the posterior distribu-
tion at time k is used to derive the prior distribution for time k + 1. Hence, it is
convenient for the prior and the posterior to have the same functional form so that
the mathematical manipulations needed to transition from prior to the posterior
remain consistent over time. However, in general the posterior and the prior be-
long to different parametric families of distributions. Under some conditions, it
can be guaranteed that both the posterior and the prior are of the same form. This
property is known as conjugacy in Bayesian inference. Of particular interest are
the conditions that guarantee the prior and the posterior to be Gaussians. The well
known Kalman filter provides a closed form solution for the posterior distribution
for this case.

The conditions for which the Kalman filter is applicable are:

C1: The state transitions and measurements are linear functions of the state vec-
tor; that is

X = Fixp_1 + vi (note that fx(xx_1) = Fixg_1),

yr = Hgxy + wy (note that hy(x;) = Hyxy).
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poxkly*™")

Xk

_ Pu(yr = heGa)p(xly )
p(yely*=1)

Pty ™) = [ oo~ fi(xi-1)

p(xxly”)

X I’(xk—l‘yk_l)dxk—l

P(Yr|xk)

k—l)

p(xkly

plyrly® ") = /Pw()ﬂc — hy(xx))

x p(xiy® ™ ")dxy,

Figure 2.3: An illustration of the general Bayesian recursion for single target track-
ing.
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C2: The noise sequences v and wy are from temporally uncorrelated, zero mean,

white Gaussian noise processes:

vi ~ N(0,Qy),
Wy ~ N(O, Rk).

C3: The prior distribution at time 0, p(xp), is Gaussian, with mean Xo|0 and co-

variance Pyo.

Next we introduce the Kalman filter and subsequently introduce some of the

common suboptimal filters when all or some of the conditions above do not apply.

2.1.3.3 Kalman Filter

The Kalman Filter is named after Rudolf K&dlmén, one of the co-inventors of the
celebrated signal processing algorithm. The filter is usually expressed as a set
of equations, which are known as Kalman Filter equations. When all the condi-
tions C1,C2, and C3 are valid, the prediction density p(x;|y*~!), the normalising
constant p(yx|y*~!), and the posterior p(x|y*) are conveniently Gaussian. The
Kalman equations provide the exact expressions for the parameters (mean and co-
variance) of these distributions.

Before deriving the exact expressions, we present the following theorem, which

we will use to derive the Kalman filter.

Theorem 2.1. For x1,p; € R%, x, € R%, H € R%2*%, gnd covariance matrices Py and
Pz.‘
N (x2; Hxq, Po) N (x1; pq, P1) = N (xo; Hpy, P3)N (x1; 1, P),

where

P; = HPlH/ + Py,
p = p; + K(x2 — Hpy),
P =P; — KHP,,

with K = P{H'P; .
Proof. See [Ho 1964]. O

First, we focus on the prediction density p(x|y*~!). Note that p, (x; — fx(xc—1)) =
N (xi; Fxxx—1, Qx); we apply that on (2.23) and use Theorem 2.1 to obtain an expres-
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sion for the prediction density;
plxly ) = /Pv(xk — fe(xi-1)) p(xe1|yF ) dxi (2.28)
= /N(Xk} Fixp_1, Qk)N(Xk—l}f(k_”k_l, Pk—l\k—l)dxk—lr (2.29)
= /N(Xk; Xijk—1, Prjk—1)
X N (Xe—1; K1 je—1 + Lk — Fkge_1e-1), (2.30)
Pr_qjk—1 — LeFxPp_qjp—1)dxi—1,
= N (xi; k-1, Prje—1), (2.31)
where Ly = Py 1Ff(FPy_1_1F}, + Qi) ! and
Xik—1 = FiXe_1k—1/ (2.32)
Pi_1 = Qx + FiPr 1 Fy. (2.33)

With the expression for the prediction density p(x¢|y*~!) in hand, we move

on to obtaining an expression for the normalising constant p(yx|y*~!). Note that
due to the conditions C1 and C2, we have py,(yx — hi(xx)) = N (xx; Hixg, Ry).

Therefore, once again we use Theorem 2.1 as:

POyt = /Pw(Yk—hk(xk))p(xklyk‘l)dxk,
= /N(Yk; Hyxi, Ri) N (% X1, Prje—1) %,
= N(¥; Jxix—1- Sk),

where

Vik—1 = HiXep—1,
Sk = HkPk|k—1H;c + Rk.

We use Theorem 2.1 once more to find the posterior distribution:
P(xk|yk) _ p(yk’Xk)p(xk’ykil)
p(yly*)
~ N(yw Hixie, R) N (x4 Rgi—1, Prje—1)
N(Y; Jkjc-1,Sk) ’
= N (% Xeer P

(2.34)

(2.35)
(2.36)

(2.37)
(2.38)

(2.39)

(2.40)

(2.41)
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where

Xk = Xe—1 + Ki(yx — HiRee—1), (2.42)
Prk = Py — KkHgPr—1, (2.43)

and Ky = Py H[S; .
The terms Y x_1, S, and K are also identified with the terms: “predicted mea-

surement”, “innovation covariance”, and “Kalman gain” respectively. The Kalman

filter recursion is given by Algorithm 2.1.

Algorithm 2.1: Kalman filter recursion

1 Compute the statistics of the prediction distribution:

Xjk—1 = FrXe—1k—1
/
Prk—1 = Qi + FxPyr_q 1 Fp-

2 Compute the statistics of the predicted measurement density:

Vilk—1 = HiXg—1,
Sk = HkPk\kle]: + Ry.

3 Compute the Kalman gain:
-1
K = Py HiS;
4 Compute the posterior statistics after measurement update:

Xk = Xer—1 + Ki(yx — HiXpp—1),
Py = Prje—1 — KeHyPypr—1,

2.1.3.4 Extended Kalman Filter

The Extended Kalman Filter (EKF) is an extension of the Kalman Filter when con-
dition C1, that is when the linearity of the measurement and/or dynamic equa-
tions do not hold. In such scenarios, the EKF provides a mechanism for approxi-
mating the statistics of the posterior distribution.

The idea is as follows. The EKF relies on the linearisation of the non-linear
measurement (hy(x;)) and process (fx(xx_1)) functions. The linear approximations

are obtained by performing Taylor series expansions and ignoring the higher-order
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terms. With the linear approximations, the derivation of the EKF equations is the

same as that of the Kalman filter.

The linearisation of fi(xx_1) by Taylor series expansion around Xy_1|k—1 results

in
fr(xx—1) = Fixeor + € (Re—1k—1) + Vi (2.44)
where
Fro = Vi fi(xe1) , (2.45)
Xk—1=Xp_1[k—1
s, (x) = fr(x) — Fix, (2.46)

with Vy denoting the gradient operation.

Equation (2.44) and assumption C2 lead to the approximated transition density
p(Xkxk—1) = N (x; Fyx 1 + e (X1 e—1), Qx)- (247)

Theorem 2.1 is used to obtain the prediction density p(x;|y*1):

pOxely* ™) = [ el 1)p(xecaly*dxia, (2.48)
~ /N(Xk} Fixi 1 + €5 (Xe1jk—1), Q)N (X1 Rx—1jk—1, P k1) X1,
(2.49)
= N (3 Fexe—1 + €, (Re—1k—1), FxPr_1e—1 Fi + Qx), (2.50)
= N (xt; Xijk—1, Piji—1), (2.51)
where
Xee—1 = f(Keqk-1), (2.52)
Pi_1 = FxPr_qp1F} 4 Q. (2.53)

The measurement function hy(x) is linearised using the Taylor series expan-
sion about Xyx_1:
hi(xx) = Hixg + €ny (Rxk—1) + Wi, (2.54)

where

Hy = Vo hi(xc) , (2.55)

Xk =Xg|k—1

€n, (X) = hi(x) — Hyx. (2.56)
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Algorithm 2.2: Extended Kalman Filter recursion

1 Compute the Jacobian of f; at X_1x_1:

Fr = Vi fi(xe-1)

Xk—1=Xp_1[k—1

2 Compute the statistics of the prediction distribution:

Xee—1 = fr(Ke_1jk-1),
Ppi_1 = Qk + FiPr_q_1 Fy.

3 Compute the Jacobian of hy at Xy ;_q:

Hy = Vo hye(x)

X=Xk (k-1

4 Compute the statistics of the predicted measurement density:

Viik—1 = e (Rk—1),
Sk = H]<I)k‘k,1H;< + Ry.

5 Compute the posterior statistics after measurement update:

Rie = Xek—1 + P 1 HE S (yk — Fipe—1)s
Py = Pyt — Py 1 HL S " H Py

The linearised measurement function allows the use of Theorem 2.1 to obtain
a closed form (but approximate) solution to the measurement prediction density

(normalising constant):

pily* ) = [ pldxop(xely* axi 257)
~ /N(Yld Hixy + en, (Xgk-1), RN (%65 K1, Prg—1)dxx,  (2.58)
= N (yi HiXeje—1 + €n (Rije—1), HiPre—1H + Ry, (2.59)
= N(yk; Yxjk—1,Sk), (2.60)
where
V-1 = he(Xgp—1), (2.61)

S, = HkPk\k—le + Ry. (2.62)
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Finally, the statistics of the posterior distribution are approximated as:

p(yxlx) p(xely* )

p(xely”) = SR (2.63)
p(yely*)
N (yi; Hixi + €ny (Xee—1), Ri)N (% Kijk—1, Prje—1) (2.64)
N (yi; Jije-1,Sk) ’
== N(Xk} f(k\k/ Pk\k)/ (265)
where

Rie = Xik—1 + P HE S (k — 1) (2.66)
Py = Pre_1 — Pre_1 Hiy S "Hi Py (2.67)

The EKF recursion is summarised in Algorithm 2.2.

2.1.3.5 Unscented Kalman Filter

A drawback of the EKF is the need to compute the Jacobian matrix, which is more
often than not computationally demanding. Additionally the accuracy and gen-
erality are some what limited in the EKF. The Unscented Kalman Filter (UKF)
avoids the need to evaluate the Jacobians; instead the UKF uses a mathematical
tool known as the Unscented Transform (UT) to approximate the required statis-
tics appearing in the general Bayesian recursion for target tracking. Generally, the
approximations obtained via UT are more accurate on average than the linearised

approximations used in the EKF.

The UT is similar in spirit to the method of importance sampling [Robert 2004]
where both use a weighted average of a set of discrete points to evaluate moments
of a function of a random variable. However, the difference between the two meth-
ods stems from the mechanism used to select the discrete points used for weighing.
In UT, the points and the associated weights are chosen deterministically. Suppose
that we are interested in evaluating the expectation of some function g(¢) of a
random variable 3 with a probability density function p(¢):

g= [s)p(p)dy. (2.68)

The UT approximates g by evaluating the function g() at specific points known
as sigma points and assigning weights known as sigma weights followed by taking
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the weighted average of the function g evaluated at those sigma points; that is,
S . .
g~ ) o'gx"), (2.69)
where s, ¢?, and x' are the number of sigma points, the i** sigma weight and the *"

sigma point respectively.

Let # and C be the mean and covariance of ¢; that is,

n=[yr(w)ay, 270
C=[(y—mwp—pw'pr(yp)dy, (2.71)
(2.72)

The sigma points and sigma weights are chosen to match the first two moments of
p(y): p and C; that is, sigma points and sigma weights should satisfy

p=) o'x, (2.73)

N
Il
—_

dx —mx —mn). (2.74)

@
I
-

Il
—_

There are many methods to select sigma points and sigma weights that satisfy
(2.73) and (2.74) [Julier 2000, Lerner 2002].

We now show how the UT is used to approximate the moments of the posterior
distribution p(xx|y*). It can be shown [Anderson 1979, Example 3.2] that the first
two moments of the posterior distribution X, and Py are given by

Rie = X1 + $iSp (k= Fipe—1)s (2.75)
Py = Pyt — 9,Sc ' ¢, (2.76)
where
. _ k-1
Xee—1 = EOly™ ), (2.77)
Vik—1= E(yxly* ™), (2.78)
P = cov(xe, yily* 1), (2.79)
Sy = cov(yxly* ), (2.80)

with the operators E and cov indicating expectation and covariance respectively.

The quantities Xx(x—1, Pxjx—1, Yxjx—1, ¥, and S are generally not known in closed
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form when the functions f; and hy are non-linear. The UT provides approxima-

tions for these quantities which are required for calculating the posterior statistics.

Algorithm 2.3: Unscented Kalman Filter recursion

1 Compute the sigma points Xi and sigma weights 0;, fori = 1,2,...,5 to
match the prior distribution moments %;_q;_1 and Py_yx_1.
2 Compute the statistics of the Prediction distribution:

S . .
K1 = ) o' f(x),
i—1
s . . .
Pt = Y0 (Fe(x') — Ripee1) (B (X') — Rigpe1)” + Q-
i=1

3 Compute the sigma points Y’ and sigma weights ¢;, fori = 1,2,...,s to
match the predictive distribution moments Xy ;1 and Py;_;.
Compute the statistics of the predicted measurement density:

=

s . .
V-1 = y_€h(Y"),
i=1
s . . .
St =R+ Y_ € (he(Y") — Frje—1) (e (') — Jue—1)-
i—1
5 Compute the ¢, matrix:

P =Y (V' — K1) (V) — Fie1)”-

i=1

6 Compute the posterior statistics after measurement update:

Rk = Kek—1 T S (Yk — ie—1)
P = Pre—1 — Preo19Si -

First, consider Xj;_1 and Pyj_q:

=

Rige—1 = E(fe(xi-1) + vily* 1),
= E(fi(xx—1)[y* "),

(2.81)
(2.82)

(2.83)

(2.84)
(2.85)
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S
~ X% o (Fe(x') — Ripe—1) (B (x") — Kige—1)’ + Qi (2.86)
iz

where (x',0") is the i*" sigma point and weight selected to match the first two mo-
ments of p(x;_1|y*~!). We again use UT to approximate the remaining quantities
needed for approximating the posterior moments. Let )’ denote the i sigma
point with weight €’ chosen to match the previously approximated moments of
p(xx|y*~!) denoted by Xijk—1 and Py _q. Then,

-1 = ECxly* ), (2.87)
~ Z_:e"hk(yi), (2.88)

i, = cov(xe yrly* ), (2.89)

~ éei@’i — &-1) (e (V') = Fj1)’, (2.90)

Sy = IC_OV(yklyk‘l), 2.91)

~ R+ i_ile%hk(yi) ) ) ) @92)

The UKEF in algorithmic form is given in Algorithm 2.3.

2.1.4 Particle filtering

Particle filtering is a popular technique to solve challenging non-linear filtering
problems. Since we are using particle filtering extensively in this thesis, the topic
is discussed in more detail than the tracking methods already described in this
section. A particle filter recursively approximates the posterior density using a
set of weighted random samples. The introduction presented in this section fol-
lows the auxiliary variable implementation of [Pitt 1999]. Note that most popular
techniques including the Bootstrap Filter (BF) [Gordon 1993] and the Optimum
Importance Density (OID) particle filter [Arulampalam 2002] are covered by the
auxiliary variable framework.

Assume that at time k — 1, the posterior is approximated using Z samples

1 z . .
x]((_)l, o, x,(c_)l and corresponding weights wi ,,...,w{ , as follows:

Z
POl ) & Y wi 60 — X)), (2.93)
z=1

where 4(+) denotes the Kronecker delta.
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Bayes’ rule leads to a posterior approximation at time k as shown below:

p(xe|y*) o p(yilxe) p(xly* ™),

= p(yklxk) /P ¢ [ xe_1)p (1 |y V) dxe 1,

z
Z k1P (Yk[xx) (Xk\X;((Z_)l)- (2.94)

Note that (2.94) is only an approximation to the posterior distribution. Let p(x| yk)
denote this approximation and we refer to it as the empirical posterior distribution;
that is Z
pOely") o Y- wi i p(yelx) pxlxy). (2.95)
z=1
Following [Pitt 1999], we reverse the marginalisation in (2.95) and introduce the

particle index i as an auxiliary variable. This gives
plxi ") o o pyelxi) (el ). (296)

An approximation to the posterior at time k can be obtained by sampling from
(2.96). The auxiliary variable, which can be discarded after sampling is intended
to assist in drawing samples of the state vector. Often, it is difficult to sample
from p(xy,i|y*), and instead a suitable candidate distribution known as an impor-
tance density q(x,i|y*) is used to obtain samples, which are then appropriately
weighted. This procedure of drawing samples from an alternative distribution is
known as importance sampling. The samples drawn from the importance density is

used as follows to obtain the posterior density approximation:
R (i
pOxely™) o< ) wid(xe —x;”), (2.97)
i=1

where (x]((j),t]-) ~ q(xk,i|yk) forj=1,2,...,Z and
(7) k
ol o PO 1Y)

‘ . (2.98)
g, ] yk)

The particle filtering recursion in algorithmic form is presented in Algorithm
2.4, assuming that at time k — 1 the posterior approximation p(x¢|y*) is available
asin (2.93).

The particular choice of the importance density is crucial for a good particle
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Algorithm 2.4: Basic particle filter recursion
1 fori=1to Z do

/* Generate a new particle and assign a weight */
2 Draw (xl({l),ti) ~ q(x¢, i|y*)
Calculate
i i i) 14 (Ei
i ) )p0og” )
k — .
705, tily")
4 Normalise the weights:
. . Z ;
Wy, = Wy Zzb{{ fori=1,2,...,7Z.
=1

5 Estimate the posterior distribution at time k:

z .
poxely®) = Y wis(x — x\),
i=1

filter design. The BF is obtained by choosing
Bt 1) < 0 _p (). (299)

A sample (%,t) can be obtained from gqy(xy, i|y*) following a two step proce-
dure. First draw an index t with Probability(t = z) o« w}_;. Then the target sample
X is drawn from p(xk\x,({tzl). The main drawback of g,(-) is that the current mea-
surement yj is not used to draw samples. Consequently, the BF is very inefficient
in all but very basic practical applications; a relatively large number Z of sam-
ples is required to obtain comparable performance with better importance density
choices.

A much desired importance density is the OID, which involves drawing sam-
ples directly from (2.96). Let ¢; = [ p(yk\xk)p(xk|x,(21)dxk. Then the OID can be
derived as follows:

Goia Xk, 1Y) o wh_y p(yilxe) p(xelx ),
(i)
, p(yielxi) p(xelx; ;)
= w;cl(l)i{ Yy

¢
= 7ipi(Xk|y), (2.100)
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where ; = w};_l(pi, and

pi(xelye) = p(yilx)pOlx)) / ¢

Drawing a sample (X, t) from q,;; is similar to that of g;s except, we first draw
t; with Probability(t = j) o 1; followed by drawing % from p;(x|y").

It can be easily verified by taking the ratio between p(xy, i|y*) and q,;4 (x¢, i|y*),
that the importance weights of the samples obtained from the OID are constant
irrespective of the value of the sample. It is this property that led to the use of the
term OID for the density (2.100). Unlike the BF, the OID has the desirable property
of using the current measurement to influence the selection of the particle index ¢
and the state vector. However, often it is difficult to find the OID in closed form.

Two common problems of particle filters are particle degeneracy and impov-
erishment. Particle degeneracy occurs when after several iterations of the filter,
relatively few particles contain significant weight, while the others contribute a
negligible mass. A common technique used to counter the degeneracy problem is
to introduce a resampling step [Arulampalam 2002]. However, resampling intro-
duces the second problem of particle impoverishment [Arulampalam 2002]; that
is, particles losing diversity and ultimately all collapsing to a single point. Two
common solutions to the impoverishment problem are the resample-move algo-
rithm [Gilks 2001] and kernel regularisation [Musso 2001]. We only discuss kernel

regularisation since it is the method that we have used in this thesis.

2.1.4.1 Kernel regularisation

Kernel regularisation, in the context of particle filtering, means approximating the
density of an underlying set of particles using a kernel [Silverman 1986].

First, we look at the concept of kernel estimation of a density. Suppose v € R“
is a random variable with the probability distribution p(v). Let v(?) ~ p(v) for
z = 1,2,...,Z be Z samples from p(v). A question one might face here would
be: how to estimate the underlying probability distribution when presented with
a set of samples. A crude approximation to p(v) can be made by a sum of delta
functions centered around the sample points; that is,

p(v)=1/ZY 6(v— v, (2.101)
Note that the draws from (2.101) always produce samples from a finite set of

points. This can lead to particle impoverishment. The kernel method of approxi-

mating the original distribution from samples involves convolving the right hand
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side of (2.101) with a kernel function K, (v). Here, K;,(v) is a non-negative valued
radially symmetric function, which integrates to unity over the domain of v. Two
common kernel functions are multivariate normal and Epanechnikov functions.

For a bandwidth parameter & > 0, the kernel approximation to p(v) is
p (v):iiK Lw—v@) (2.102)
! Zhi =7k ' ‘

Note that unlike the previous approximation (2.102) has continuous support.
The bandwidth parameter & effects the approximation performance in two ways,
namely: bias and variance. A larger h value will result in a lower variance but
at the expense of bias. A trade-off between bias and variance is effected by the
choice of h. The common practice, as suggested by Silverman [Silverman 1986], is
to choose h that minimises the Mean Integrated Squared Error (MISE)

MISE = E [/(p(v) ~ pp(v))dv]|. (2.103)

Unfortunately, it can be shown [Silverman 1986] that the optimum choice of
depends on the distribution p(v) which needs to be estimated. Assume the un-
known distribution is a standard multivariate normal distribution; approximate
formulae for the optimum bandwidth in the MISE sense for various kernel func-
tions are given in [Silverman 1986, p. 87].

Kernel regularisation in the context of particle filtering simply refers to replac-
ing the discrete distribution (2.97) with its kernel density.

The effectiveness of using a kernel to solve particle impoverishment is best
illustrated by a simple example.

Example 2.1.1. Assume vy, vy, and y € R are three random variables such that

vo ~ N (1, p?), (2.104)
1 =219+, (2.105)
y=v+uw, (2.106)

where noise variables v and w are mutually independent, zero mean, and Gaussian with
variances r* and g° respectively. It is obvious that the estimation problem of finding the
posterior mean p(vy|y) can be optimally solved (in MMSE sense) using the Kalman filter,
but for demonstration purposes, we use the OID particle filter described earlier.
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Let v(()z) forz=1,2,...,7Z be Z particles; such that,

1y )
p(vo) ~ - Y 6(vo—v5”). (2.107)

Use of a Gaussian kernel with a bandwidth parameter h on the particle set results in
the following continuous approximation to p(vy):

N (vg; 08", ho?), (2.108)

NI =
.MN

Il
—

p(vo) ~
j

where 02 is the sample covariance. Note that, when h tends to 0, the smoothed density
(2.108) tends to the original unsmoothed approximation (2.107).

It can be shown that the OID (2.100) is given by
Goia(01,1[y) o< N (3;205), )N (01,208 + KAy, ¢2), (2.109)

where i is the auxiliary variable used to assist in sampling, and

V2 =1*+g* +4h?, (2.110)
K = (r* + 4h*0%)y 2, (2.111)
A=y —20, 2.112)
¢* = (1* +4h*c*) (1 — K). (2.113)

As explained earlier, obtaining a sample from qy;4(v1,i|y) involves, first, drawing a
particle index i. This is analogous to a resampling step in the Sequential Importance Sam-
pling (SIS) particle filter. If the filter is subjected to severe particle impoverishment; then
only a few samples will be selected many times. Figure 2.4 illustrates the effect of band-
width on particle impoverishment. Simulation parameters were set as follows:

{Z,u,p? 4% r*} = {100,0,3.5,0.01,0.01}.

Figure 2.4(a) is a plot of the number of times each particle index was chosen when sampling
100 times from qoiq(v1,ily) with h = 0 (that is, without any kernel smoothing). But
repeating the same experiment with the bandwidth h chosen according to [Silverman 1986,
p. 871 results in Figure 2.4(b).

Out of 100 particle indices, only 7 were chosen at least once, when resampled 100 times
without using a kernel. This result indicates severe particle impoverishment. On the other
hand, 39 indices were chosen at least once, when a smoothing kernel was used, suggesting
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Figure 2.4: Simulation results: (a) Particle index selection without using a kernel.
(b) Particle index selection with a kernel.

the effectiveness of kernel regularisation as a solution to particle impoverishment.

2.2 Radar Fundamentals

The acronym RADAR stands for RAdio Detection And Ranging. Radar technol-
ogy exploits the properties of Electro Magnetic (EM) waves to interrogate objects
located further away. Application areas of radar technology span industries such
as aerospace, automotive navigation, defence applications, and meteorology. One
of the reasons for such diverse applications is the ability of Radar to operate under
all weather conditions.

At a fundamental level, a radar system operates by transmitting an EM sig-
nal and subsequently collecting the reflected signals. The received signals are

then processed to extract information about the objects that caused the reflections.
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Figure 2.5: A block diagram of a typical monostratic radar system.

The frequency of operation for radar varies depending on the application from 3
MHz (HF) to 110 GHz (W-Band) up to millimetre wave frequencies (100-300 GHz)
[Richards 2010].

A radar system consists of three main components: transmitter, receiver, and
signal processor. If the transmitter and receiver are co-located then the radar sys-
tem is said to be Monostatic; the term Bistatic refers to a configuration where the
transmitter and receiver are not co-located. Figure 2.5 illustrates how the subsys-
tems are inter-related for a monostatic radar system. Giving comprehensive details
about the operation of a radar is beyond the scope of this thesis. Next we focus on
developing the necessary background knowledge to complement the main theo-

retical contributions laid out in the upcoming chapters.

The transmitter subsystem is responsible for preparing and transmitting the
EM signal to interrogate the objects of interest in the environment. The transmitted
waveform is a baseband signal modulated by a sinusoidal carrier signal that can

be represented by the following complex form:

8(t) = s(t) exp(jlwet + (1)), (2.114)

where s(t) exp(j¢(t)) is the baseband signal and w, is the carrier frequency. A rule
of thumb is that if the bandwidth of the baseband signal is less than one tenth of
the carrier frequency, then the transmitted signal is considered to be narrowband
[Levanon 2004]. Throughout the rest of the thesis, we make the narrowband as-
sumption for the transmitted waveform. The signal received back at the receiver
is delayed by the time taken for the transmitted signal to traverse the signal path.

This delay provides crucial information for the radar system to detect the range of
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the object that caused the reflection. The delay is related to the range by

2R
= —, 2.115
r= 2 (2115)
where we have assumed that the signal travels at the speed of light C. For a nar-
rowband transmitted signal, any motion (relative to the radar system) of the re-
flecting object induces an apparent frequency shift in the returned signal. This
phenomenon is known as the Doppler effect [Levanon 2004] and the frequency

change is known as the doppler shift. Doppler shift is given by

1/_27IR
=S

(2.116)

where R denotes the time derivative of range (range rate) and A, is the wavelength
of the carrier. In modern radar systems the doppler shift is used to distinguish
moving objects from the stationary clutter as well as to infer the velocity of the
objects. Apart from time delay and doppler effects, the returned signal is also
subjected to attenuation. This attenuation is caused by many factors such as at-
mospheric absorption, distance of travel, reflection losses, etc. The nature of atmo-
spheric absorption is dependent on the frequency of operation of the radar. Typ-
ically the radar carrier frequencies are chosen to minimize the absorption losses.
The attenuation due to the travelled distance follows the inverse square law. A
reflectivity factor of an object is a scalar quantity by which the amplitude of the
signal is reduced after reflecting off the object. Ignoring the atmospheric effects,
the losses due to the distance travelled and reflection can be written as (for a mono-

static system)
€

ﬁ/
where € € [0,1] is the reflectivity factor of the object.

o= (2.117)

The returned signal (modulated) which is subjected to time delay, doppler and
attenuation is
h(t) = ag(t — T)exp(jvt). (2.118)

Upon receipt of the reflected signal by the receiver subsystem, it is subjected
to demodulation, where the baseband signal is extracted from the modulated sig-
nal. The extracted baseband signal is then passed through an Analog-to-Digital
conversion process to obtain the discrete samples:

y[n] = as(nT — 1) exp(vnT) + w(n] forn =1,2,3,..., (2.119)
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where T is the sampling period and w|n] is a zero mean IID noise process known
as measurement noise. Measurement noise arises because of the imperfections in the
radar sensors and the Analog-to-Digital conversion process.

The sampled measurements are then passed onto the detection processing
(matched filtering) subsystem for generating candidate range and doppler pairs
(detections) and/or tracking (filtering). A tracking subsystem typically uses one
of the algorithms discussed in Section 2.1.3 to track the state of the objects of inter-
est.

2.2.1 Matched filtering

Matched filtering refers to the process used by radar systems to produce candi-
date detections. It can be shown [Levanon 2004] that for a signal s(t) superim-
posed with an Additive White Gaussian Noise (AWGN) process w(t), the impulse

response of a filter that maximises the SNR at a given time t is,
f(t,‘ to) = KS*(to — t), (2.120)

where K is an arbitrary constant. Without loss of generality we set K = 1 and
to = 0. Note that the impulse response is proportional to the time reversed and
delayed original signal s(t); hence the rationale for the use of the term matched
filter. The time domain response of the filter (2.120) at lag T for a doppler shifted
signal s(t) exp(j27tvpt) is

so(T,v) = / s(t) exp(jut)s* (t — T)dt. (2.121)

When viewed as a function of two parameters T and v, the output of the matched
filter will be maximized when T = 0 and v = 0. This is not surprising because
when T = 0 and v = 0 the input signal is exactly matched to the underlying filter.
If the input signal to the matched filter is delayed by 79, the peak in the output
function s,(t,v) will be shifted by 7y in the delay dimension. In an actual use
case, the delay and doppler shift of the received signal are not known; hence the
received signal is passed through a bank of matched filters, where each filter is
designed (matched) to maximise the SNR at a distinct delay (tp) and doppler (v)
pair. In practice the detection is performed on a discretized grid on the delay and
doppler dimensions, with the grid spacings chosen according to the requirements
of the radar application. A target is declared at a particular delay doppler pair
if the matched filter output at that point is greater than a pre-selected threshold.
This threshold is chosen to satisfy the required probability of detection and/or
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false alarms [Kay 1998].

Figure 2.6: Ambiguity function for P = 8 Linear Frequency Modulated pulses
where the duty cycle T/T, = 1/9 with T, = 1/1.25. The signal parameters used in
this example are borrowed from [Levanon 2004].

Note that the peak of (2.121) does not depend on the shape of the waveform
but rather on the energy of the transmitted signal s(¢) and the measurement noise
power. However, the shape of the waveform influences the response at points off
the peak. It is desired from a matched filter to have a sharp (peak) response at
the corresponding delay-doppler of a received signal and a very low response at
off-peak points. One of the main challenges in radar waveform design is to in-
vent waveforms that result in matched filter responses which fall-off quickly from
the peak response; this helps in separating out targets that are close to each other
(in either range or doppler). The ability of a waveform to separate a target in
range and doppler is measured by the range and doppler resolution of the wave-
form respectively. A common way of increasing the range resolution is to use
pulse compression by linear frequency modulation, which is also known as chirp-
ing [Levanon 2004]. The doppler resolution is typically increased by processing a
stream of pulses instead of a single pulse. An interesting recent contribution in a
waveform design with a high doppler resolution is found in [Pezeshki 2007].

The tool used to analyse the range and doppler resolution of a waveform is
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known as the ambiguity function and is given by

x(t,v) = ‘/s(t) exp(jvt)s™ (t — T)dt|. (2.122)

Properties of the ambiguity function are discussed in [Levanon 2004]. The ambi-
guity function for a train of Linear Frequency Modulated (LFM) pulses is shown
in Figure 2.6.

2.2.2 Raw sensor measurements vs. detection based measurements for
tracking

As shown by dashed lines in Figure 2.5 the input to the tracking subsystem can
either be supplied from the output of the matched filter or directly from the out-
put of the receiving subsystem. In the former case the tracking algorithms use
the candidate range/doppler points as measurements. We refer to this type of
measurements as detection based measurements. The second type of measurements,
which is the output of the receiving subsystem, is referred to as raw sensor measure-
ments. It has been shown in [Morelande 2007] that an improved Posterior Cramér-
Rao Bound [Van Trees 1968, Tichavsky 1998] can be obtained by using raw sensor
measurements instead of detection based measurements. This is intuitively under-
standable through a well known result in information theory, which states that the
entropy of a random variable could only decrease by passing through a determin-

istic transformation.






CHAPTER 3
Posterior Cramér-Rao bounds for
multipath radar tracking

Summary

racking in a multipath environment poses many challenges. It is important to
T quantify the achievable performance bounds in such an environment. Find-
ing the performance bounds can be challenging because it requires calculation of
derivatives of parameters that are functions of reflection points with respect to tar-
get related quantities. We propose a method to calculate a lower bound for the
Mean Squared Error (MSE) in target state estimation in a multipath environment.
A novel measurement model is introduced involving a general abstraction of a re-
alistic multipath environment. In this model, we have incorporated some of the in-
herent uncertainty in the environment typically not accounted for in conventional
problem formulations such as the uncertainty because of imprecision in maps of

the surveillance area and in the reflectivity factors of the reflective surfaces.

3.1 Introduction

In this chapter, we introduce a novel model for tracking in a partially known envi-
ronment and obtain the Posterior Cramér Rao lower Bound (PCRB) for the estima-
tion problem. The novelty of the model is the acknowledgement of the imperfect
knowledge of the multipath environment and the accounting for the resulting un-
certainty by the introduction of appropriate random components to the measure-
ment equation.

The Cramér-Rao Lower Bound (CRB) provides a lower bound on the variance
of unbiased estimators of deterministic parameters. The CRB is explicitly given
by the inverse of the Fisher Information Matrix (FIM) Z(-) [Kay 1998], which for a

deterministic parameter x and measurement vector y is defined as

Z(x) = / Wp(ywdy- (3.1)

35
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The Bayesian counterpart of the lower bound is known as the PCRB or Bayesian
CRB. More specifically, the PCRB is the lower bound on the MSE of estimators for
random parameters. Note that the notion of “unbiasedness” is not present in the
description as compared to that of the CRB [Gill 1995]. PCRB is also specified by
the inverse of the FIM, which in a Bayesian setting is defined by

dl ,
J= /Oggx(yx)p(y,x)dydx. (3.2)

Note that the expectation is over both the measurement y and the parameter x in
(3.2). In a Bayesian filtering problem, the calculation (3.2) becomes progressively
more difficult over time because of the unbounded growth in the dimension of the
measurement trajectory vector. However, Tichavsky et al [Tichavsky 1998] have
proposed an elegant method for efficiently calculating the PCRB, by employing
a recursive procedure. We use this method to find the PCRB for our multipath

tiltering problem.

The performance bounds in the context of multipath radar appear in numerous
research findings [Rendas 1991, Hamilton 1992, Ianniello 1986, Hayvaci 2012b]. In
[Hamilton 1992, Hayvaci 2012b, Ianniello 1986] the analysis is restricted to two
multipaths. Thus, obtaining the derivatives for the CRB is not mathematically
complicated, particularly when the number of allowed reflection points in a mul-
tipath is one. In [Rendas 1991] an arbitrary number of multipaths is allowed in
the measurement model, but no method is proposed to calculate the required
derivatives for evaluating the CRB. The existing work could also be categorised
based on the nature of sensing: active [Hayvaci 2012b] or passive [Hamilton 1992,
Ianniello 1986, Rendas 1991]. A common feature in [Rendas 1991, Hamilton 1992,
[anniello 1986, Hayvaci 2012b] is the treatment of unknown parameters as deter-
ministic quantities, which prevents the assignment of probabilistic measures to
reflect the prior knowledge. Additionally, these research efforts do not consider
the tracking problem where localizing a target over time is of interest.

Most of the multipath tracking solutions that we review in Chapters 5 and 6
use detection based measurements for the tracking algorithm. However, as men-
tioned in the Chapter 2, it has been shown [Morelande 2007] that direct supply
of raw sensor data as measurements to a filter results in improved performance
bounds. Further, the data association problem, present when using detections
based measurements, is no longer applicable when the sensor data are directly
used. However, the drawback of using raw measurements for filtering is the need
for computationally intensive calculations, particularly because of the large size of

the measurement. With the enormous processing capabilities of modern technolo-
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gies such as Graphical Processing Units (GPU), the computational demand for raw
sensor data processing is no longer a problem. In our work on multipath radar ap-
pearing in this chapter, we use raw sensor measurements as the measurements for
the tracking algorithm.

In this chapter, we present a general model for a multipath environment con-
taining a dynamic target and concentrate on deriving a performance bound (PCRB)
for the tracking problem. We do not impose any restriction on the number of mul-
tipaths or the number of walls in the environment. In Chapter 5, we design a
stochastic filter for the model. One of the main challenges in deriving the PCRB for
our model is the need to calculate the derivatives of the likelihood function with re-
spect to the reflection points. We achieve this by exploiting recursive relationships
between reflection points induced by the specular nature of multipath reflections.
In developing the multipath model we have emphasised the inherent uncertainty
present in a realistic multipath environment, which is not typically accounted for
in conventional multipath models. In many multipath radar applications, the
knowledge of the location of the reflecting objects (such as walls) is assumed to
be available through a map of the terrain [Chakraborty 2010, Chakraborty 2011,
Barbosa 2008]. Usually, this knowledge of the locations is accepted without ques-
tioning the accuracy of the map. However, even when the reflecting environment
is ostensibly known, we believe that it is important to account for the small errors
(of the scale of few wavelengths) in a realistic model. Since this error in loca-
tion translates to a phase shift in the received signal, we capture this uncertainty
by introducing a uniformly distributed random phase shift to each of the multi-
paths. Another source of uncertainty that we have accounted for originates from
the reflectivity factors of the multipath causing obstacles. A reflectivity factor is the
fraction of the amplitude of the incident signal which is retained in the reflected
signal. In conventional multipath radar problem formulations, this fraction is ei-
ther assumed to be known or taken as 1. We model the reflectivity factors of the
walls as random parameters following a Gaussian distribution.

The rest of this chapter is organised as follows. Section 3.2 introduces the dy-
namic model as well as the measurement model for the partially known multipath
environment !. Section 3.3 presents the procedure for calculating the PCRB for the
filtering problem along with the details on how to calculate the various derivatives
required to compute the PCRB. Section 3.4 is dedicated to demonstrating the PCRB
bound through simulation examples along with a supplementary discussion. Fi-
nally, concluding remarks for this chapter are contained in Section 3.5.

1The term “partially known” is used because, we assume that a map of the area is available but
it is accurate only up to few wavelengths.
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Some of the notations and acronyms we have adopted are given in Table 3.1.
Any notation/acronym, which does not appear in Table 3.1 is defined when first

introduced.
Table 3.1: Summary of common notations and acronyms.
Notation/Acronym Description

Kronecker delta.

I Identity matrix. The dimensions would be implied by the
context unless explicitly stated through a subscript.

0 Zero matrix. The dimensions would be implied by the con-
text unless explicitly stated through a subscript.

® Kronecker product

y* yiys - vil

oF [©),0) ...,0])

N(;AAN) Multivariate Gaussian distribution with parameters A
(mean) and A (covariance)

CN (A AN) Circular symmetric complex Gaussian distribution with pa-
rameters A (mean) and A (covariance)

U p) Uniform distribution in («, B).

AOA Angle of Arrival

CRB Cramér Rao lower Bound

MSE Mean Squared Error

PCRB Posterior CRB

RMSE Root MSE

3.2 Modelling and notation

Consider a target travelling in an urban terrain. Multiple radar transmitters are
placed at suitable locations to illuminate the radar environment. The radar sensors
receive a superposition of multiple signals due to scattering of the transmitted
signal. We introduced the term “multipath” in Chapter 1. Recall that a signal
which has been in contact with the target as well as some reflective surfaces in the
environment is referred to as a “multipath". The path which only hits the target
along the way is called a “direct path". Figure 3.1 illustrates that two possible paths
reflecting off the target. The first is a direct path, whereas the second is an example
of a multipath.

The target state (in a 2-dimensional world) at time f is denoted by x; = [x; X v«
Yk)', where (x, yi) are the target coordinates (position) in the Cartesian plane and
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Figure 3.1: An example of multipath reflections.

(Xk, yx) are the respective velocities. The target state is assumed to transition from

time t;_; to f; according to the following dynamic equation:
X = Fixp_1 + wy, k=1,2,..., (3.3)

where

F=L®

T

, 3.4
1 ] (3.4)
with cov(wy,, Wi,) = Ok, 1, Qx and

(3.5)

T3 72
O - Lo 73/3 T/2] .

T2/2 T

Here, T = t; — t;_; is the state sampling period and « is a noise intensity parame-

ter. The prior distribution for xg is assumed to be
Xp ~ N(, ’YO, PO)- (36)
Consider the following setup:

e N transmitters are placed at suitable locations.

e Return signals are received by M uniform linear arrays with the m!" array

composed of L,, elements.



40

Chapter 3. Posterior Cramér-Rao bounds for multipath radar tracking

During the sampling period each transmitter transmits a sequence of P pulses
of duration D and period T;, with the first pulse being transmitted at #, for
k=1,23,...

Let sy, denote the signal transmitted by the n'" transmitter at time #.

Let the total number of paths between the n’ transmitter and the m'" receiver
be denoted by P, .

Incoming data are sampled every T, seconds.

The reflections off the walls are specular (that is, mirror reflections).
The transmitters and receivers are coherent.

The target is a point scatterer.

There are B buildings in the terrain, which are numbered from 1 to B.

When a path hits the b'" wall, the signal attenuates by a random reflectivity
factor, which is distributed according to N (-; 4y, 1), where the prior param-

eters y; and 1, are known.

When a multipath hits the target, the signal attenuates by a random target
reflectivity factor, which has the distribution N (:; uo, to), where the prior pa-

rameters /o and ¢y are known.

The wall and target reflectivity factors are contained in a vector zx, and are
assumed to be temporally uncorrelated. The diagonal covariance matrix of

zy is denoted by Qy ,.

Because of the uncertainty of the wall locations of the order of a wavelength,
the radar signal corresponding to the p*" path between the n'" transmitter

and the m'" receiver is phase shifted by ¢}, ,,, where

lpﬁ,m ~ U[O,er)'

The phase variables at time k for each transmitter-receiver pair are contained

in the vector ,.

Let Oy denote the vector consisting of target kinematics xx, phase variables
Y, and reflectivity factors z; that is

0 = [x; ¥ z)'.
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The signal vector received by all the sensors at time t; + uT5 is
yi(u) =h(Ou)+e(u), foru=0,...,U—-1, (3.7)

where e(u) is a circularly symmetric complex white Gaussian process with covari-
ance matrix 2021, and

P (Or uTn)
h(Ogu) = Y. : , (3.8)
=1
! i n,Mm (O uTy)

with the measurement function g, . (-) forn =1,...,Nandm = 1,..., M, given

by

Pn,m

P (©51) =Y ghm(X,2;t) exp(jihhm), (3.9)
p=1

and

gl (%, 2;t) = a1 (%, 2)spn (t — T (x))en Mo, (160 ,,(x),60,,(x)),  (3.10)

with )
an(£:6,0) = [ 1 e i .. e i(Lu=D)dure } ) (3.11)
where
¢ = cos § — Otsin 6, (3.12)
d;, = the separation between the elements of the m'™" sensor array, (3.14)
A = the wavelength of the carrier signal. (3.15)

Note that we have made the approximation cos(# + 0t) ~ cos 0 — (sin 8)6t. This is
valid if 0t is small throughout the surveillance duration [Vincent 2000].

For the p'" path between the n'’* transmitter and the m!" sensor array:

ol . (x, z) is the intensity of the return signal. This includes transmitted sig-

nal strength as well as path attenuation.

0} ..(x) is AOA.

0! ,.(x) is the rate of change of the AOA.

e T . (x) is the delay of the signal.
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e v}, »(x) is the Doppler shift.

The mathematical expressions for the above five quantities are given in Section 3.3
(A much simpler measurement equation, without any phased array elements and
a random phase shift, is explained in Chapter 2.)

The entire measurement vector at time f; is

yi = h(©)) + ¢, (3.16)
where
yi = [yx(0). . ye(U = 1),
h(©;) = [h(04;0)...h(O; U —1)],
e=1[e(0)...e(U—-1)].
Let y* = [y} y5 ...,y}]' denote the vector of all measurements up to and

including time k. The target tracking problem is to estimate the target state x; after

observing y*.

3.3 Theory/Methodology

3.3.1 Recursive calculation of the Information Matrix

Let the joint distribution of ® and y* be denoted by py; then, from recursive ap-
plication of Bayes’ rule,

pe(05,y") {Hp yil©:) }{Hp 0,0, 4 } (3.17)

We decompose ®F into two components: ®; and @
o' = (1) @] (3.18)

The information matrix corresponding to ®F and y* is given by

() - E{-a8 p} E{-ngfipi} 619
E{-n8 'n} E{-8gn} |’

(A; By
B, G|

(>

(3.20)
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It can be shown that, under some regularity conditions [Tichavsky 1998], the MSE
of the estimator of @, is lower bounded by the bottom-right matrix block of

{](@k)}il; that is,
E{(0—0;)(0,—06))} > (C, —BA'By) !, (3.21)

where @y is an estimator of @;. Let the matrix (Cy — Bl A, B,) be called the “in-
formation submatrix” for ©; and denoted by Ji. That is,

Ji = Ct — BLA, 'By. (3.22)

Note that, to compute Ji, one would have to either compute the inverse of
J(®5), extract the bottom-right sub-matrix followed by a matrix inversion of the
extracted sub-matrix or alternatively exploit (3.22) where the size of the Ay matrix
that needs to be inverted is smaller than the full matrix J(@). However, both
approaches are not feasible since, as time k tends to infinity, the size of the matrices
which need to be inverted increases. Tichavsky et al [Tichavsky 1998] proposed an
elegant recursive solution to this problem which we now state as a theorem.

Theorem 3.1. The sequence {Ji} of posterior information submatrices for estimating Oy
follows the recursion:

Jx = DP — D' (Jk-1 + D}') "D, (3.23)
where

D}! = E{—Ag’;j log p(Ok|®k_1)},

D}* = E{—Ag"  log p(©|© 1)},

D' = E{—Ag’;’l log p(Ok|®_1)} = {D?},

DY = E{—Aglog p(©¢|0_1)} + E{—Agi log p(y+|O4)},

provided that the derivatives, expectations, and matrix inversions appearing above exist.

Proof. See [Tichavsky 1998]. O

For the model specified in Section 3.2 the matrices D“,D}(Z, and Dil can be
obtained easily using matrix derivatives. We found the framework presented in
[Macrae 1974] to be convenient to perform the required matrix differentiations.
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The derivatives are

D;! = blkdiag(F,Q, 'Fy,0), (3.24)
D;* = blkdiag(—F;Q, ',0), (3.25)
D;' = {D*}, (3.26)

where the operator blkdiag denotes concatenating the matrices given as arguments
diagonally.

The first term of Diz, which we will denote by Dk 1, can be similarly shown to
be

D = E{—Ag' log p(0|©)_1)}, (3.27)
= blkdiag(—F:Q;',0,Q; ). (3.28)

The second term of Diz, which we denote by Dk 5, can be shown to be

D2 = E{—AS: log p(yx|©%), (329)

= ERQ{E[Aekh(@)k)*(A@)kh(@k)/)/]}- (3.30)

We expand the right hand side of (3.30) using equations (3.8)-(3.10):

1 u-1
D = & Y Re(E[Ao,h()uT2)" (A0, h(@uT:))']}, 631

u=0

1 Uu-1 N M .

= Z Y Re{E[Aey (O uT2)* (Do iy (Ok;uT2)) ]}, (3.32)
u=0 n=1m=1

1 U-1 N N M Pnlm pn2m ‘

=S L 2 % Y 3 ) Re(E| Ao {8l i) explinli}

u=0 n1=1ny=1m=1p1=1 p,=1

(Aek{gnz m (Xe, 2i; uT2) exp (i m) Y ) /] > :

(3.33)

Since E{ exp(j$ham — jWhim) } = Onm—nyOps—pys (3.33) reduces to

1

L
E- 5L

DPum

N M
Y)Y Y Re (E [A@k{gﬁ,m(xk, zi; uTy) exp(jiphm) }*
n=1m=1p=1

(A@k{g,’im (xk, zi; uT2) exp(jh ) }/> ] ) . (3.34)
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With the objective of breaking down (3.34) further, we use the (multivariate)
chain rule for differentiation to expand Ag{gh (X, z; t) exp(j¥hm)} as

Ao {ghm(x,z;t) exp(jphm)} =

. ) Agah
&y @i (Phm + tThm) } ( {](Aelﬂf,m + tAGUh ) + — o

Xy,m

X S(t — T,f,m)am(t} Gg,mléz,my
9s(t — 1 j
— wAeTf,mam(t; Qﬁ,mr 9Z,m)/
OTi,m

+ jdm [(sin GZ,m + éz,mt cos eﬁ,m)Age,’j,m + sin GﬁlmtAgéglm] s(t— T,f,m)

X b (8 eﬁ,m,éﬁlm)’> . (3.35)

Define J(B,7) £ DoB(8oy)" and H(B,7) = J(B,7) +J(7,B). We now apply
(3.35) in (3.34) to obtain

1

~1 N M Pum
RS 3 vp v o [ (METE S TS

p p p
<MT2) J(Vn msVn m) + <a5’m)21(“n,mz lxn,m)]
ds(uT, — e )
- P 22 T
LmIm{s(uTz Tom) 3o }

L0s(uTy, — 1}
X [H(tpﬁ,m,r,f,m) + (uTz)H(vﬁrm,T,ﬁm)] — LmRe{s(uT2 — 1) (aZT"m)}
n,m

0s(uTy — T m) 2

1
X [oc,’i,mH(“Z mrTnm)] + Ly T J(Thm, Thom)
- L,,(L,—1 . .
+ dmrn(;) |ls(uT, — T,’f,m)Hz [{ sm@ﬁ,m + 9§,m(uT2) cos Gﬁ,m}

X {H(Gir;,mr ll’ﬁ,m) + (uTZ)H(Vﬁ,ml eﬁ,m)} + (MTz) sin Gﬁ,m{H(efl),ml ¢Z,m)

~ Ly(Ly, —1 L0s(uTo — T
T H )] (50T — ) (azrnm')}

X [{ sin 95,7;1 + éﬁ,m(”TZ) cos gﬁ,m }H(Trrlj,m/ Gg,m) +sin 9£,m<uT2)H(T£,mr 95,711)}

n (d_m)z (Ly — 1)LZ(2Lm

X J(Ohm, O ) + (sin 0} )2 (UT2)?J (Oh i, O i) + IO} 1 (uT)

-1 . ] 2
) ls(uTy — Tfm) H2 [{ sin 92,,,1 + 9,€,m(uT2) cos Gﬁm}

X { sin Gﬁ,m + 9'5,," (uTy) cos Oﬁ,m }H (éﬁlm, éﬁ,m )} > } . (3.36)
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The expectation appearing in (3.36) cannot be found in closed form, but we
approximate using Monte Carlo. The main challenge of evaluating (3.36) is the
calculation of some of the derivatives (appearing within J(-) and H(-) terms) with
respect to the state variable. Next, we show how this is solved for the functions

that are not straightforward.

3.3.2 Evaluating the measurement function gradients

Consider a single path from a transmitter located at (ary, brx) to a sensor located
at (ary, brx). Let the number of reflection points between the transmitter and the
target located at (x,y) be S with the s reflection point denoted by (ws, ps). The
point corresponding to s = 1 is the reflection point immediately after the transmit-
ter. Similarly, let the number of reflection points between the target and the sensor
be L with the I!" reflection point located at (&}, ;). The reflection point for [ = 1
corresponds to the reflection immediately before the sensor.

It is convenient to assign:

(wo, 00) £ (a1x, b1y, (3.37)
(20,20) = (arx brx), (3.38)
(ws+1,0541) = (x,Y), (3.39)
(81,0141) = (v,y). (3.40)

Let the bottom most point of the wall on which the I*" reflection point lies (in
the path from the target to the receiver) be denoted by (7, x;). In the case of the
wall being parallel to the horizontal axis, choose the left-most point on the wall as
(71, x1)- We use the point (7, x;) as a reference point. The distance between the
points (7, ;) and (1, x;) is denoted by d;. We use B; to denote the angle this wall
makes with the horizontal axis. The notation is illustrated in Figure 3.2, which

shows a ray hitting the [*"

reflection point between the target and the sensor.

Similar notation is adopted for the path segments between the transmitter and
the target. In particular, we use (@s, ¢s) to denote the reference point for the wall
on which the s reflection point between the target and the transmitter lies. The
distance between (@, ;) and (ws, ps) is denoted by gs.

In the following discussion, we have dropped the indices identifying the path
in favour of brevity. We now show the procedure only for calculating the deriva-
tives with respect to x and x when necessary. The same procedure can be used to
find the derivatives with respect to y and y.

First, we show how 06 /0x is calculated. The quantity d6/0dx is a term appear-
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(G141, C141)

Figure 3.2: Reflection points between the target and sensor.

ing in Ag0 needed to evaluate the PCRB.

The reflection points on the transmitter-target path can be parametrised as fol-

lows:

g1 =1 +dcos By, (3.41)
(1 = x1 +d;sin ;. (3.42)

Let ¢; be the AOA at the I*" reflecting point. Then it can be shown that, because of

the specular nature of the reflections,

—

¢r=2Y Bi(—1)" +o(-1). (3.43)

i=1
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Consider the AOA 0 at the sensor:

X1+ dq sin,81 — bRry

0 =: fo(dy) = arctan .
fold) Y1 + d1 cos 1 — arx

(3.44)

Reflection points are related by, for/ =1,...,L —1,

tandy_; — Xi+1 tdipsinfr — xp —disinfy (3.45)

Yig1 +diy1 €08 By — v —djcos By

Now by solving (3.45) for d; we have, for/ =1,...,L —1,

dl = fl(dH—l/ 6)/
_ Xi+1— X1+ dia(sin By — tan gy cos Briq)
sin B; — tan ¢ cos B;

_ tan (Pl (714’1 B ’)/l) (3 46)
sin B; — tan ¢ cos B; '

4

Similarly,

_. _y—xp—tangr(x —71)
dp =: fr(x,y,0) = Sin By — tan ¢y cos pr. (3.47)

Taking derivatives of (3.44),(3.46), and (3.47) with respect to x we have the fol-

lowing equations:

00  dfyad;
od;  9df; odiq | 9f 90 _
% dd, ox +¥$ orl=1,...,L—1, (3.49)
od;,  dfp  df 00
ox ox |90 ax (3.50)
We rewrite (3.49) as, for!/ =1,...,L —1,
od; a0
=Nt (351)
where A; and #; follow the recursive relationships:
_ ofi
oh , o (3.53)

]7[ = T]l"rl adl+1 + %/
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with the recursions terminated by using (3.50) to define the quantities:

_ 9t
AL — g, (3.54)
_9fr
L = 30 (3.55)
Finally, by substituting the expression for dd; /dx obtained from (3.51) into (3.48),
we have 39 0
v Ao + Moz s (3.56)
where
0
Ao = Alaf;i, (3.57)
d
o = ’71822' (3.58)

By rearranging (3.56), we obtain

W _ A
ox 1—no

(3.59)

Thus, the derivative 06/09x is found using A and #y, which can be calculated re-
cursively starting from the values of (3.54) and (3.55), and using the recursions
(3.52) and (3.53). Once 06/09x is obtained, (3.49) and (3.50) are used to obtain the
partial derivatives dd;/9dx, which are needed for some of the calculations that we
explain shortly. Figure 3.3 contains an illustration to help understand the sequence
of calculations needed.

We now focus on evaluating the derivatives of 6, as needed to obtain the PCRB.
By differentiating (3.44) with respect to time and using (3.48), we have

. fo [ody . Ady )\ 36, 96

By once again differentiating the above equation with respect to x, we obtain

0 920 020

— ==X+ —. .61

ox — ox T axay! (3.61)
The second derivatives appearing in (3.61) can be found following a similar proce-
dure to the one used to obtain the first derivative 06 /0x.
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(DDA
O,

0

Figure 3.3: An illustration of the process involved in calculating 06 /dx and dd; / dx.
The directions of the arrows indicate the sequence of evaluating the quantities.

The derivative of  with respect to % is simply

a0 90
% ox (3.62)
Let the s and I path segments of the forward and return path be denoted by
Rs and 7/, respectively; that is,

Rs = \/(ws - wsfl)z + (Ps - Psfl)zr (3.63)
=& -G+ (G- G (3.64)

Then, the received signal amplitude is given by

S+1 L
| | Os | |€l
o s=1 =1
“—V@ET‘ETV (3.65)

YR ) n
s=1 =1

where E is the transmitted signal energy and ¢s is a random reflectivity factor of
the wall which the s reflection point (between the transmitter and the target) lies,
for the path in context. Similarly, €; is the random reflectivity of the wall on which
the I*" reflection point lies between the target and the transmitter, for a particular
path.

By using (3.63)-(3.65) and noting that R, and r; are functions of (¢s,¢s—1) and
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(d;,d;_1) respectively, the derivative of « with respect to x is given by

aﬁﬂ( _L+1a£%+5+1 da IR,
dx = o ox OR; dx’

s=1
_[oworon | fow (onod | or adiy), w aradd
N 8r1 adl ox l:2ai’l adl ox 8dl_1 ox 8rL+1 adL dx

ou E)rL+1
+8rL+1 ox

ai@aﬂJr 3, da (9Rsdgs | IR 9gs 1 9 9Rsi19gs
dRy dgy dx  ZHORs\ dgs dx  dgs1 Ox ORsy1 dgs Ox

(3.66)

(3.67)

o aRS+1
aRs_H ox '

We have already shown how dd;/dx appearing in (3.67) is calculated. The proce-
dure for calculating dg, /dx terms is exactly the same as that for calculating dd; /dx
(note that d; is a quantity appearing in the context of the forward signal path from
the transmitter to the target; the counterpart in the reverse segment is ¢s. Thus the
same procedure used to obtain dd;/dx can be used to evaluate dgs/dx). The partial
derivatives dr;/dd;, dr;/dd;_1, and dr[1/0x appearing in (3.67) are:

or1  (cosB1)(y1 +dicos B —arx) + (sinB1)(x1 + di sin 1 — bry)

aidl - " ’ (368)

ar (cos By) (dz cos By —dj_1cos i1+ — 714)

od; r
(sinB;) (dl sinf; —d;_ysinf;_1 + x; — XI—l)
1

o, (cos Br-1) <dl—1 cos By1 —djcos B+ y-1 — 71)

odj_1 1

(sinBj_1) (dl—l sinf; 1 —d;sinf; + x1-1— Xl)
4]

L (cosBr) (dL cos B + L — x) + (sinBr) (dL sinBr + x1 — y)

+ forl =2,3,...,L, (3.69)

+

for! =2,3,...,L, (3.70)

_ , 3.71
adL rL+1 ( )

E)rLH _ X — dL COos ﬁL — 7L (3 72)
ox rL+1 ' .

The derivatives of Rs fors = 1,2,...,5 + 1 follow similarly and these can then be
used in (3.67).
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The delay 7 is given by

S+1 L+1

T=1/c) Ri+1/c) n, (3.73)
s=1 r=1

Thus, the derivative of T with respect to x can be obtained by

S+1 IR, ags

/el 5

arl adl
1/e Z od; ox (3.74)

where the quantities on the right hand side of (3.74) are already discussed.
The doppler shift is given by v = 27t(V + U) /A, where

U= Rsy1,

_ ORsy1,  ORsy1.  ORsy1 [dgs . | 9Gs .

B TR T B el e v (3.75)
V =1Ly,

_Orp41, , Ofpy1.  Orpqq [odp . odp .

= 5, X+ 3y v od, | ox X+ 3y Y (3.76)

To evaluate v with respect to x, the second derivatives of the d; and ¢ are required.
Those can be found by following exactly the same recursive procedure used to find
their first derivatives.

We have omitted other derivatives that are needed to evaluate PCRB since they

are straightforward.
3.4 Results and discussion

Consider a transmitted signal of unit energy given by

1 P2 expliv—1/2))(t — pT})?
TR o T C

—(P=1)/2

(3.77)

In our example, we have set the number P of transmitted pulses to three. The
width parameter x is chosen to give an effective duration of 250 ns and the chirp
rate v is such that the effective bandwidth of the signal is 40 MHz. The pulse
repetition interval is chosen as T; = 100 us. We use a single transmitter and a
single sensor with L = 3 array elements. Antenna elements are separated by 4A;
the wavelength of the carrier frequency A is chosen as 0.1 m. The state sampling

period is T = 1 s and the receiver samples data with a period of T, = 10 ns.
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Figure 3.4: The multipath environment and the nominal target trajectory.
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The radar environment and the nominal target trajectory are shown in Figure
3.4. The initial prior distribution for the target kinematic state is Gaussian with

mean and covariance matrix

given by
2040
_|155
707 11150 7
175
2 0 0 0
P, 0 05 0 0
0 0 2 0
0 0 0 05

(3.78)

(3.79)

The process noise covariance matrix Qy is set by x = 0.04. The reflecting sur-
faces are made up of eight walls. All the random reflectivity variables associ-
ated with walls are assumed to be distributed according to N/ (+;0.6, 0.052) ; that is,
(Hp, 1p) £ (0.6,0.05%), for b = 1,2,...,8. The random reflectivity variables associ-
ated with the target are assumed to be distributed according to N (+;0.7, 0.052) ; that
is, (4o,10) £ (0.7,0.05%). The transmitted signal energy E is chosen such that the
signal-to-noise ratio of the weakest multipath signals at the output of the matched

filter, averaged over the entire trajectory, is 20dB.
Figure 3.5 shows the PCRB for position and velocity for the setup considered.
The D]%ZZ component of the bound (3.36), which is the only component without a
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Position RMSE

Particle filter sample RMSE
— PCRB (square root)

Particle filter sample RMSE
— PCRB (square root)

Velocity RMSE
o
o

o
w

Figure 3.5: Root mean square error of a particle filter against PCRB for: (a) position
in meters (b) velocity in meters per second.

closed form solution, was found using 500 Monte Carlo realisations. The RMSE of
a particle filter based on Markov Chain Monte Carlo is overlaid on top of the PCRB
curves. The design of this particle filter is covered in Chapter 5. The particle filter
was run over 100 realisations to obtain the RMSE. The Markov Chain length is set
to 150 for this particle filter. Note that the RMSE curves follow the general shape
of the PCRB curves, and in some instances become very close to the lower bound.
However, during the latter stage of the trajectory, the RMSE deviates significantly
from the PCRB curves. It should be noted that the RMSE being lower at time 0 in

the velocity PCRB plot is a consequence of Monte Carlo sampling error.

Note that the overall shape of the PCRB conforms with the general intuition;
that is, the PCRB is relatively low while the target is approaching either the trans-
mitter or the sensor because of strong multipath reflections. The PCRB reaches a

local peak halfway through the trajectory (around the time k = 10), which again is
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due to relatively weak multipath signals available around that time of the trajec-

tory.
Next, consider a scenario involving a single wall as shown in Figure 3.6.
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Figure 3.6: The multipath environment and the nominal target trajectory involving

a single wall.

We ran the the particle filter developed in Chapter 5 with varying number of
particles. The results are shown in Figure 3.7. As expected, increasing the num-
ber of particles helps to reduce the RMSE. However, since the PCRB is not a tight
bound for this problem, it is not expected to be reached by asymptotically increas-
ing the number of particles (note that particularly in non-linear signal processing

problems, the PCRB not being possible to achieve is the norm rather than the ex-

ception).

3.5 Conclusion

In this chapter we have formulated a general tracking problem in a multipath en-
vironment. We have incorporated into our model some of the uncertainty prevail-
ing in a realistic tracking situation, not usually taken into account in conventional
multipath models. Obtaining performance bounds is an important part of any
estimation problem, and this chapter has been dedicated to deriving the Poste-
rior Cramér Rao Lower Bound for the novel model. The obtained bound can be
used as a benchmark in designing statistical filters. The main challenge of deriv-
ing the bound resides in the evaluation of various derivatives with respect to the

target kinematics. We have solved this problem by exploiting geometrical relation-
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Figure 3.7: Root mean square error of particle filters against PCRB for: (a) position
in meters (b) velocity in meters per second.

ships induced in the environment through the specular nature of reflections. The
recursive method used to calculate the various derivatives can be easily used or
extended to find the PCRB for other multipath models.



CHAPTER 4
Conjugate analysis of a
multivariate von-Mises

distribution

Summary

n this chapter, we propose a Bayesian conjugate framework for inferring mul-
I tiple phases. The framework requires a generalisation of the von-Mises (VM)
distribution for multiple variables. This work was performed in our pursuit of
designing a target tracking filter for the multipath model introduced in Chapter
3. The principal difficulty we faced with generalising the VM distribution is the
computation of the first order moment and the normalising constant, which are
important for Bayesian inference. We propose two approaches to solve the prob-
lem: one based on a Bessel function expansion and the other based on a Markov
Chain Monte Carlo (MCMC) technique using the Gibbs sampler. We then assess
the performance of these two methods against variations in parameters of the Gen-
eralised von-Mises (GVM) distribution.

4.1 Introduction

In the last chapter we introduced a novel model for a multipath environment,
where the uncertainty in the wall locations is accounted for by introducing a ran-
dom phase shift to the radar measurement equation. Since the measurement
recorded at the sensor is a superposition of such randomly phase shifted radar
signals, the likelihood function depends on multiple phase variables. Our initial
attempts at designing a tracker for the multipath model directed us to derive a
Bayesian conjugate framework to conveniently estimate the phase variables. This
chapter presents the work done towards that end.

In particular, we consider the problem of estimating the phases of multiple

superimposed signals embedded in additive Gaussian noise. This problem is of

57
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interest in a number of areas such as radar, communications, and biology. For in-
stance, in communications we may receive a signal, which is the sum of several
carriers, each subject to an unknown phase shift. For the case of a single phase,
it was shown in [Quinn 2011] that a Bayesian conjugate analysis is possible with
the VM distribution as the prior. In other words, when a VM distributed prior
is updated with a likelihood function proportional to a VM distribution, then the
resulting posterior also follows a VM distribution. It will be shown in this chapter
that, for multiple phases, the conjugate prior is a particular multivariate gener-
alisation of the VM distribution. Note that we are considering “phase” variables,
which are by definition circular quantities. Some fundamental differences between

circular and linear statistics are given in Appendix 4.A.

Several multivariate generalisations of the VM distribution have been pro-
posed in the statistics literature. The key difficulty with the use of multivariate
VM distributions is the computation of the integrals such as the normalising con-
stant required to compute posterior statistics. In [Rivest, L. P. 1988], [Singh 2002],
and [Mardia 2010] the normalising constant for various bivariate VM distributions
were derived. The results derived in [Rivest, L. P. 1988] and [Mardia 2010] are of
particular interest as they can be used in the conjugate analysis of two phases.
However, there appears to be no results that can be used for conjugate Bayesian
analysis of a general number of phases. We present two methods of calculating the
posterior statistics for a proposed GVM distribution. The first method is based on
the direct evaluation of the integral using summations while the second method
is based on MCMC methods [Robert 2004]. The scheme proposed in [Chib 1995]
is used to calculate the normalising constant using MCMC, which uses multiple
Gibbs chains to approximate the normalising constant. The samples generated in
the process of calculating the normalising constant can be conveniently used to
calculate posterior statistics such as circular mean and variance. It will be shown
later that the direct method requires an infinite summation that does not have a
closed form solution. In practice, we have to choose a finite truncation point for
the infinite summation and discard the insignificant terms. Thus, the two meth-
ods presented in this chapter are not exact methods but approximations. In this
chapter, we assess the performance of these two approximations as a function of
the parameters of the proposed GVM distribution.

The rest of the chapter is organised as follows. First, we show the relationship
of the GVM distribution with the multipath model explained in Chapter 3 in Sec-
tion 4.2. In Section 4.3, we introduce the general measurement model. The core
of the technical content is embedded in Section 4.4. There, we present the conju-

gate analysis for the GVM distribution and present two methods for calculating



4.2. The relationship of the GVM distribution to the multipath model 59

the moments. Various simulation results used to assess the methods are presented
in Section 4.5. Finally, the conclusion for the work in this chapter is presented in
Section 4.6.

Some of the notations and acronyms we have adapted are given in Table 4.1.

Any notation/acronym, which does not appear in Table 4.1 is defined when it first

appears.
Table 4.1: Summary of common notations and acronyms.
Notation/Acronym Description

C Field of complex numbers

R Field of real numbers

VM(p;7,96) von-Mises distribution with concentration parameter y and
location parameter §

GYM(p;ny) Generalised von-Mises distribution with parameters de-
fined by u,

N(;AAN) Multivariate Gaussian distribution with parameters A
(mean) and A (covariance)

CN(;AAN) Circular symmetric complex Gaussian distribution with pa-
rameters A (mean) and A (covariance)

R() Real component of the argument

GVM Generalised von-Mises distribution

VM von-Mises distribution

MCMC Markov Chain Monte Carlo

MSE Mean Squared Error

4.2 The relationship of the GVM distribution to the multi-
path model

For brevity, we present a simplified version of the multipath model presented in
Chapter 3. Consider the target tracking problem in an urban terrain where the
received signal at the sensors consists of multiple reflecting paths. Assume that a
map of the terrain is available. In a realistic setting, the information obtained about
the building locations using the map may not be very accurate. As discussed in
Chapter 3 we account for this uncertainty in reflector locations by introducing a
random phase shift for each multipath in the measurement equation (4.1); that is,

q
y =Y exp(jpi)gi(x) +w, (4.1)
i=1
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where
X = Target state,
y = Measurement vector,
g = Number of multipaths,
gi(x) = Measurement function for the i multipath.

This function accounts for quantities such as
delay, doppler and attenuation of the transmitted
signal,

e/ = Random phase shift for the i path.

Figure 4.1: An illustration of circular variables in the multipath model.

A hypothetical radar scene involving two multipaths is shown in Figure 4.1.
We are interested in obtaining an estimate for the target state upon observing
the measurements. Suppose we design a marginalised particle filter

[Arulampalam 2002] to approximate p(x, |y) as follows:

oo ply) = p(elxy)p(xly) 42)
< p(P|x,y)p(ylx)p(x), (4.3)
:p<¢rx,y>[ p(y 1% 9)p(ldp| p(x), 4.4)

N
~ Y oip(wix?, y)o(x —x), (45)
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where fori =1,2,...,N,

x ~ g(x|y) for some importance distribution g(x|y) (4.6)
, (i) (i) (i)
q(xy)

Note that the marginalisation is over the phase variables ¢ and only x samples
are drawn to obtain the posterior approximation (4.5). From (4.5) point estimates
for x could be obtained by using a weighted average of the samples. Point esti-
mates for ¢ could be obtained by taking the weighted average of the means of
the conditional posterior p(#|x,y). Now focus on the term [ p(y|x, 9)p(yp)dyp ap-
pearing in the weight calculation (4.7). This is exactly the normalising constant of

p(ly,x).

Thus the distribution p(|y, x) is being used for calculating the particle weights
v; as well as for obtaining a point estimate for ¢. It turns out that the GVM dis-
tribution studied in this chapter has the same functional form of p(4|x, y); hence
our motivation to invent a procedure to calculate the normalising constant and a
conjugate framework for GVM distribution.

4.3 Modelling and notation

We drop the dependency on target state x from the example used in Section 4.2
and re-pose the problem so that the setup is not specific to the multipath filtering
problem introduced in Chapter 3.

We observe g superimposed signals in additive noise to obtain an observation
vector y consisting of k complex-valued measurements. In particular, we consider

a measurement equation of the form

q
y =) _exp(jipi)gi +w, (4.8)
i=1

where g; € cki=1,.. .,q are known signal vectors and the noise vector w is
a circular symmetric complex multivariate Gaussian with covariance matrix oI,
where I is the k x k identity matrix. It is desired to estimate the unknown phase
shifts: ¢; € [0,27),i = 1,...,q. Equation (4.8) can be considered as a multivari-
ate circular regression model. In addition to the multipath filtering problem, real
world examples of this model can be found in communications, radar, bioinfor-
matics, microbiology and molecular physics.
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4.4 Theory/Methodology

4.4.1 Conjugate analysis

A conjugate prior has the desirable property that the posterior distribution retains
the same form as the prior, which facilitates convenient recursive Bayesian infer-
ence schemes. Thus, we wish to find a conjugate prior for our problem of multiple

phase estimation.

The measurement equation (4.8) results in a likelihood of the form:

L(g;y) =CN (y?éexp(jlpi)gi?UZIk)/ (4.9)
— e [Riny)u(p)], @.10)
where
h(y)zé[y*gl - Y8 ---—8'81 —8'81... —8q'8q-1]"
bly) = exp ;HY!erZngHz]
u(y) = [a(y)" a(y)7,
and
a(zp):[ef‘/’l ez ejllﬂq]/,
5(4,):[31‘(1/]1*1#2) elr—¢3) ej(lqulqu)]’_

The conjugate prior for the likelihood (4.10) is given by

FWlio) = oty o [Riwgue)}], @

where p, € C791)/2 is the parameter vector of the prior and Ny(p,) is the nor-

malising constant.

To see that (4.11) is indeed the conjugate prior, we use Bayes’ rule to find the

posterior density by:

f@ly, mo) < L(;y)f(Pluy),
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9 .
=CN(y; Y eVigi; 1) GV M (¢; ),
i

«exp [R{h(y)'u(9)}] exp [R{mgu(yp)}],
= exp [R{(h(y) +u,)u(p)}],
< GYM(9; py), (4.12)

where we use the notation GV M (1; ) to refer to the distribution (4.11) and

#1 = po +h(y). (4.13)
Thus, a posterior of the same form as the prior is obtained with parameters up-
dated using the simple rule (4.13), hence the conjugacy.

Note that the distribution (4.11) is a multivariate generalisation of the VM dis-
tribution. This can be easily seen by re-writing (4.11) in a re-parameterised form
as follows:

f(@lug) =: F(plvo),

N()(I/o)

q -1 ¢
exp ZK,-J' cos(p; — 60;;) + Z Z Kij cos(¢; — ¥+ 91-,]-) ,
i=0

i=1 j=i+1
(4.14)

where v is the vector of parameters «;; and 6, for 1 < i < gandi < j < g.
Transformation of the parameters from u, to vo and vice versa are straightforward.

Note that the univariate VM distribution is a special case of the GVM distribu-
tion for 4 = 1. Non-zero x;; terms for i # j give rise to correlation between the
phase variables. Thus x;; = 0 for all i # j corresponds to phases being indepen-
dent of each other and hence for this situation GVM becomes the product of 4 VM
distributions with circular mean for i phase being equal to 0;;. When correlation
between the phases is present the circular mean for i*" phase does not equal 6;;,
but rather is influenced by other phases.

In point estimation, we are very much interested in two particular posterior
statistics, namely the first order moment and the variance. In distributions involv-
ing circular variables, it is customary to take the expectation of exp(jiy) instead of

Yy as the first moment, as explained in Appendix 4.A.

The first order moment A of the distribution GV M (4; p,) is given by

A =E{[exp(jyr) ... exp(jp,)]}. (4.15)
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Point estimates of the phases can be found as

A

¢ =LA (4.16)

Evaluation of the posterior statistic in (4.15) requires integration with respect to

GV M (1; py). This is not straightforward for an arbitrary number of g phases. The

= 1 case is trivial since this leads to the well known VM distribution. Evaluation

of similar integrals for g = 2 can be found in [Singh 2002] and [Mardia 2010]. The

integrals for g > 2 have not been addressed in the literature but are essential for
Bayesian inference for multiple phases using our model.

Next, we present two methods to evaluate the posterior statistics.

4.4.2 Evaluating Posterior statistics using the direct method

Consider the problem of finding the normalising constant and the first order mo-
ment of GV M (¢; ). It is easier to solve this by using the re-parameterised form
(4.14). Let v be the new parameter obtained by transforming y, and define N ;(v)
with1 <i <gandk € {0,1} for the parameter vector v as

Ni,k(V) :/lpe[o,z - exp(jipik) exp [ZK]JCOS P —6;)

q—1
+3 E Ktjcos(pr — pj + 0;5) | dep, (4.17)

=1 j=t+1

Note that N;o(v) gives the normalising constant of GV M (¢; ) and is inde-
pendent of the index i. Thus we will simply refer to N; o(v) as Ny (v).
Now the first order moment vector (4.15) of GV M (9; u) is expressed as

1 -

A= No(v) [N1,1 (1/) NZ,l (1/) N Nq,1 (1/)]/. (4.18)

The key formula for evaluating integral (4.17) is the following result from
[Abramowitz 1964, 9.6.34]:

exp|z cos(p E Ii(z) cos(kB), (4.19)

k=—c0

where z € R and I; denotes the modified Bessel function of the first kind of order
k.

Theorem 4.1 presents the direct expression for N ;(v).
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Theorem 4.1. N (v) is given by

q
Ni,k(v) :(27'()[7 2 { I;[l Iﬁm (Km,m) }

N2, Mg(g-1)/2

-1 ¢
{H H Iﬂcm+1—zm<Kl,m)} ”k(”‘q)- (4.20)

m=11=m+1

where, form =1,...,q:

m—1 q
fim = Oim + Z nc]-erij - Z N,y 4-j—2ms
j=1 j=m+1
cm=m—-1)g—(m—-1)(m—-2)/2+1,
-1 ¢ q
g =), ), Merj-20i— )
=1 j=I+1 j=1

cos(ag), ifk=0,
exp(jug),  otherwise,

with 6; denoting Kronecker delta.

Proof. See Appendix 4.B. O

In general for g phases, (4.20) implies the need of (g — 1)/2 nested summa-
tions. Thus, this method becomes computationally very expensive as the number
of phases involved increases. Equation (4.20) requires each indexing variable of
the summation to range from —oo to 0. A finite summation suffices to obtain a
close approximation to the converged value of the sum because of the decaying
characteristics of I as k — co. The number of terms that is needed to get a good
approximation depends on the parameters of the integral (4.20). Larger values of

the parameters x; ; in (4.20) require more terms in the summation.

The main practical constraint for applying this method is the computational
infeasibility of Bessel functions for large arguments. Bayesian update according
to (4.13) results in the Bessel arguments required in the summation monotonically
increasing at each iteration. After several iterations the computation of the sum-
mation becomes numerically infeasible and hence results in unstable estimates.
Performing calculations on a logarithmic scale and normalising all the summation
terms with the product of zero order Bessel functions as shown in equation (4.21)

can help to some extent, but even that does not completely solve the problem of
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numerical precision;

-1 ¢
log (Nix(v)) = qlog(27r) + ), ) log (Io(x1m))
m=1I1=m
+1log (Nix(v)), (4.21)

where

. 1 1,
~ritq(q-1)/2

=1 Iy (Km,m)

-1
{q ] et } t(g).
mtiemr Jo(km)
A robust method for obtaining the logarithm of a modified Bessel function of
the first kind is given in [Tanabe 2007].
Next, we describe an alternative method of calculating the same posterior statis-
tics using an MCMC scheme.

4.4.3 Evaluating Posterior statistics using MCMC

The idea of MCMC is to design a Markov Chain such that its stationary distribu-
tion is same as the distribution from which the samples are required. The two most
popular methods of achieving this goal are Metropolis-Hastings and Gibbs sam-
pling [Robert 2004]. Gibbs sampling is a particularly attractive solution when sam-
ples from the conditional distributions are easy to obtain, but direct sampling from
the joint distributions is not straightforward. The Gibbs method has the added ad-
vantage that its acceptance rate is 100%.

Interestingly, the posterior distribution f(#|y, p,) has all the full conditionals
(the univariate distribution obtained by conditioning on all the variables except
one from a multivariate distribution) as univariate VM; that is, forall j (1 < j < g),
we have

f(l/)jwjlf .- -/l/)j—lr lI]j—H .- -/l/)q; y,ﬂ()) = VM(I/J], Vi (Sj)

where 7y; and ¢; are functions of ¢1,..., ¥; 1, Pjr1--., Pg, Y, Py-

Efficient methods exist to obtain samples from the VM distribution[Best 1979].
Therefore, Gibbs sampling is a natural choice for obtaining samples from the pos-
terior. These samples can be used to calculate the point estimates as an alternative
to the direct method.

In addition to the approximation of the point estimates, the normalising con-

stant can also be approximated using an MCMC scheme by using the method pro-
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posed by Chib [Chib 1995]. Chib’s method uses the output from multiple Gibbs
chains to evaluate the normalising constant.
Next, we describe how the normalising constant can be calculated using Chib’s

method when Gibbs sampling with two blocks is considered.

4.4.3.1 Chib’s method illustrated for Gibbs sampling involving two blocks

Consider a posterior distribution p(x1, x2|y). We are interested in approximating
the normalising constant p(y), which we express as

p(ylx1, x2)p(x1,%2) (4.22)

W) = G xaly)

Note that the normalising constant does not depend on a particular value of
X1 Or X2; in other words, if we can obtain (or approximate) each of the three terms
appearing on the right hand side of (4.22) for some particular value of x; = x7
and x, = x3, then the normalising constant can be found (or approximated) using
(4.22). Usually, out of the three terms, the likelihood p(y|xj,x5) and the prior
p(xi,x;) are known exactly. However, the third term p(x},x}|y) is known only
up to a normalising constant (ironically, the normalising constant is exactly the
quantity that we are interested in evaluating).

We write p(x}, x3|y) as:

p(x1,x2ly) = plxila, y)p(x2ly), (4.23)
= p(xilay) [ p(slay)pCaly)dx. (4.24)

Gibbs sampling proceeds by sampling, in turn, from the conditional marginal
posterior distributions for each sampling block. For the two sampling block ex-
ample considered here, the conditional marginal distributions are p(x1|x2,y) and
p(x2|x1,y). Suppose, we have obtained G samples, {xgg), xg_g)}g:l, after sufficient
burn-in from the Markov Chain, then these samples can be used to make approx-
imate inferences for the statistics of the posterior distribution p(x1, x2|y). Thus, if
we fix x; at x3, then use the samples from the Gibbs chain, the integral appearing
in (4.24) is approximated by

G
/P X5 |x1,y)p(xaly)dxy =~ Z (3], ). (4.25)

We assume that the conditional marginal distribution p(x1|x2,y) can be calcu-

lated (or approximated) for any given value of x; and x. Therefore p(x}, x3|y) is
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approximated by using (4.25) in (4.24). Finally, (4.24) is used in (4.22) to arrive at
the desired quantity, p(y).

Though x] and x; can be chosen arbitrarily, Chib recommends setting them at
a mode such as the posterior mean, which is easily approximated by the Gibbs

samples.

The general case involving more than two sampling blocks is discussed in de-
tail in [Chib 1995]; this generalisation, which is required for approximating the
normalising constant of GVM is presented in algorithmic form in Algorithm 4.1.

Algorithm 4.1: Normalising constant using MCMC

[y

Draw 1/)1.(0) ~Ujpom) () fori=2,...,q

fori =1toqgdo

Draw G samples (after a burn-in period) for each phase ¥; fori <j <g
using the following V.M distribution.

@» N

* * -1 -1
o~ p Pl e e e,y )

4 Set ¢; = é Zngl l)’)i(g)
5 Calculate

1 G %[0k *
Ci= G Y (W wjll.‘_,¢i71,¢f§)1,...,¢§g))
g=1

6 return
p(¢*ly, po)
H?:l Ci

The samples generated when i = 1 in Algorithm 4.1 are from a Markov Chain
with the stationary distribution being the posterior p(4|y, ) and hence can be
used to calculate the point estimates. This is a particular advantage of Chib’s
method; that is, some of the samples generated to calculate the normalising con-
stant can also be used to obtain point estimates. Another important advantage
of using the MCMC method compared to the direct method discussed in Section
4.4.2 is that the Bessel functions need not be evaluated, as is required in the direct
method.
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4.5 Results and discussion

In this section we assess the two methods in terms of performance and demon-
strate the effect of:

e Number of variates in the GVM,
e Size of concentration parameters Kij forl1<i<gandi<j<g,
e Amount of correlation between the phase variables.

We have chosen a simulation setup that easily enables us to control the param-
eters indicated above. Consider a signal of 4 complex exponentials with known
frequency and amplitude (but unknown phase) embedded in complex white Gaus-

sian noise. The n'"* element (1 < n < k) of the measurement vector is given by

Yn = ieﬁ/”'ai exp(jwin) + wy, (4.26)
i=1
where w, ~ CN(0,0?) and ¢? = E(w,w}).

The unknown phase variables i; for 1 < i < g are treated as random variables.
Note that the size of concentration parameters «;; can be altered by varying the
complex noise variance 02. The correlation between the phases is easily controlled
by varying the frequency separation between carrier frequencies.

For the tests that follow, the base settings are as follows:

1 ¢ 3 4] =[n/6 —m/4 7w/3 m/5),
[a1 ay a3 a4 =1[02 0.135 0.185 0.23],
w1 wy w3 w4 =105 075 1.0 1.25],
c=0.2,
k =5.

=
=

Note that not all parameters may be used for some experiments which follow.

For convenience we define a test scenario using the triplet:
T={q,0,A},
where,

g = number of unknown variates included in the model,

o = complex noise variance in the measured signal,
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A= frequency separation between carriers.

The algorithms are assessed as a function of computational load. The compu-
tational complexity of evaluating (4.20) is O(M9(1-1)/2) where M is the truncation
point in the infinite summation. Therefore, M7(7-1)/2 is used in the performance
analysis as the computational complexity of the direct method. For the MCMC
method, complexity is measured by the number of samples drawn after burn-in
for each Gibbs iteration.

In particular, we wish to find out the relative expense of each method when

using it to:
e find point estimates,
e find the normalising constant.

Point estimation is performed as follows. First, we obtain k = 5 measurements
under the test scenario at hand. Next, we use an uninformative (flat) prior and ar-
rive at the posterior parameter vector (u5) by using the 5 measurements obtained.
We use a GVM distribution with parameter vector us as the prior for processing a
further 5 measurements to obtain point estimates under each method; that is, we
use a GVM distribution parametrised by p5 as a prior to obtain approximations to
E{exp(jy)|p,} using each method.

We define the error between the true posterior angle ¢ = arg(E{exp(jy)|p1,})
and the approximate value 1 to be || exp(jfh) — exp(ji)||. The true posterior angle
is approximated by using the Monte Carlo method with a very large sample size
(10%). Asa consequence of this approximation, the MSE is bounded by the variance
of the MCMC method’s estimator with 100000 samples.

A similar procedure is followed to assess the normalising constant evaluation.
As before, we obtain a suitable parameter vector us for the prior using k = 5
measurements. The predicted density for the next measurement p(ye|ps) is given

by

p(velps) = /P(y6|‘/’rﬂ5)l’(¢|ﬂ5)d‘/’r

b(ye)

= ) / exp [R{pq(y16) u(tp)}] dgp,

_ b(ys)No [6(y1:6)]
=N (6%) ) (4.27)

where y1.6 = [y1...Y6) and p,(-) is the updated parameter vector which follows
from p5 according to (4.13).
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We can obtain two approximations for the predicted measurement density by
using each method to evaluate the normalising constants Ny(-) appearing in (4.27).
Let p1 and p, be the two approximations to the predicted measurement density
obtained by using the direct method and the MCMC method respectively. A close
approximation to the true predicted measurement density p(y|pus) is an indication
that the corresponding method performs well in calculating the normalising con-
stant.

We use the Kullback-Leibler divergence (KLD) as a measure of closeness be-
tween two distributions. Denote the KLD between two distributions p and p as
K(p, p) where

K(p,p) = / p(y)log (%) dy. (4.28)

Let L(p1, p2) be defined as

L(p1, p2) = K(p(yelps), p1(y)) — K(p(yelps), p2(y))- (4.29)

Thus L(p1, p2) is the change in KLDs between the approximate distributions
induced by the two methods with respect to the true predicted measurement den-
sity. Intuitively L(p1, p2) can be thought of as the difference between “distances”
of p1 and p, from p(ye|ps). Note that KLD is not a true distance (metric) since in
general K(p, p) # K(p, p).

A positive value of L indicates that the MCMC method yields a better approx-
imation than the direct method while a negative value of L implies the opposite.
The Monte Carlo method to approximate L is given in Appendix 4.C.

In the next three subsections, we use the above procedures to assess the perfor-
mance of the direct method and the MCMC method in calculating point estimates
and normalising constants of the GVM.

4.5.1 Effect of number of variates

In order to infer the effect of number of variates in the GVM, we estimated ¢,

under the following test scenarios and calculated the MSE:
e T1={2,0,0.25}
e 1,={3,05,0.25}
o T3={4,0,0.25}

The effect of the number of variates on the MSE in obtaining point estimates

for ¢ under each method is presented in Figure 4.2. From these results, it is clear
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Figure 4.2: The effect of number of variates on estimating 1; plotted against ex-
pense N. Solid lines correspond to the direct method while the dashed lines corre-
spond to MCMC method.

that for both methods MSE decreases as the complexity N increases. The MCMC
method is less sensitive to a change in the number of variables in terms of MSE
compared to the direct method. The direct method fails in particular for relatively
small numbers of truncation points, which is attributed to ignoring significant

terms in the infinite summation (4.20).

1.001
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Figure 4.3: The effect of number of variates on the KLD difference L(p1, p2) plotted
against expense N.

Figure 4.3 plots the KLD difference L(p1, p2) for setups Ty, T, and T3. The re-
sults suggest that the performance of the direct method worsens when g increases.
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This confirms the expected behaviour since truncating the summations in (4.20) ig-
nores more significant terms when g is increased. However, when enough expense
is allowed both methods respond to a change in g the same way as indicated by L
reaching 0 asymptotically.

4.5.2 Effect of size of concentration parameters x; ;

Larger «; ; values result in a concentrated GVM distribution. The size of these con-
centration parameters can be altered by varying the noise variance in the observed
signal. The noise variance has an inverse relationship with these parameters. We
have devised the following tests to analyse the effect of the size of concentration
parameters:

o Ty=(3,0//2,0.25
o T5={3,0,0.25)

o Ty={3,/20,0.25}

0.5000000

140.0625000 -
=

0.00781251

100 1000 10000
N

Figure 4.4: The effect of size of concentration parameters on estimating ¢; plotted
against expense N. Solid lines correspond to the direct method while the dashed
lines correspond to MCMC method.

Figure 4.4 summarises the mean errors in estimates of ¢, in experiments Ty, Ts
and Ts. Again the direct method is more sensitive to changes in the size of « values
than the MCMC method. Performance of the direct method is degraded when the
size of the concentration parameters is increased. This is attributed to the fact that
the number of significant terms contributing to equation (4.20) increases when the
size of k is increased. The effect of x values on the normalising constant calculation

is similar to that of point estimates as evidenced by Figure 4.5.
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Figure 4.5: Effect of size of concentration parameters on KLD difference L(p1, p2)
plotted against expense N.

4.5.3 Effect of correlation between the phase variables

Correlation between phase variables can be easily controlled in our test set-up by
altering the spacing between the carrier frequencies. Larger spacing results in less
correlation and vice versa. Thus, the following set of tests are used to analyse the

performance of the two methods:
e T7={3,0,1/8}
o Ts={3,0,1/4}
o T9={3,0,1/2}

Figures 4.6 and 4.7 illustrate the effect of correlation between phases on point
estimation and normalising constant calculation respectively using the two meth-
ods. High cross correlation between phase i and j results in a high «; ; value. The
direct method then requires a large truncating point M, and therefore a large com-
putational expense, to perform well. The Gibbs sampling based MCMC approxi-
mation also becomes worse as correlation between phases increases although the

deterioration in performance is more graceful than for the direct method.

4.6 Conclusion

We have considered the problem of estimating phases of multiple superimposed
signals in additive Gaussian noise. The estimation problem is solved via a Bayesian

conjugate framework which requires a particular multivariate generalisation of the
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Figure 4.6: The effect of correlation between phases on estimating ; plotted
against expense N. Solid lines correspond to the direct method while the dashed
lines correspond to the MCMC method.
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Figure 4.7: The effect of correlation between phases on KLD difference L(p1, p2)
plotted against expense N.

VM distribution. We have presented two methods, which can be used to calculate
the posterior statistics of the proposed GVM distribution. The first method is a re-
sult of direct evaluation of an integral whereas the second method utilises MCMC
methods. We have shown how the predicted measurement density can be obtained
using the aforementioned methods. Performance of each method is assessed as
a function of computational complexity subject to changes in parameters of the
GVM distribution. The simulation results suggest that the performance of the di-
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rect method is more sensitive to the parameters when compared to the MCMC
based method. Further, when the allowed computational expense is restricted,
in general the MCMC based method tends to perform better. However, the results
suggest that when the allowed computational expense is increased, asymptotically,
the difference in the performance of the methods becomes smaller.

Appendices

4.A Difference between circular and linear statistics

From an abstract perspective, a circular variable could be thought of as a point in
R that is mapped on to a unique point on the unit circle defined on the field of
complex numbers. These variables have the wrapping effect in the sense that, an
increment of an integer multiple of 277 in the circular variable maps to the same
point on the unit circle. Thus, without loss of generality, we can restrict a circular
variable to a line segment of length 277 in IR and define any probability measures
on this line segment rather than on the entire real line (note that points at the
beginning and end of the line segment represent the same point on the unit circle).

Because of this wrapping behaviour, the circular moments are defined differ-
ently than that of linear moments. For a circular variable i from a distribution
p() defined on I', where T’ is an interval in R of length 27, the first moment 1,
and variance 7y are defined by [Mardia 1972]:

m= [ epp)p(t)ap, (430)

v=1—|m|. (4.31)

On the other hand, if ¢ is a linear variable defined on I', the corresponding statistics

are

m= [ op@)y, (4.32)
7= [ (= mPp(p)dy. (433)

Note that for circular variables the variance, which is a measure of spread, lies be-
tween 0 and 1, with 1 indicating maximum spread. To understand how the mea-
sure of spread works intuitively, think of a uniformly distributed phase variable
(which has a maximum spread); the first moment m; is at the origin of C (due to

the integration of exp(ji) over an interval of length 277): thus, from (4.31) we have
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the circular variance to be 1, which of course is to be expected for a quantity with
a maximum spread. To phrase it a little more generally: the higher the circular
spread, the smaller would be the size of the first moment vector and vice versa.

4.B Proof of Theorem 4.1

Consider evaluating Ny(v) (Evaluating the more general N; ;(v) is similar).

Define the following quantities:

Aj(§j1, Yjv2, -, Py H exp(k;;cos(p; — 0;;))

i=j+1
-1 9

X H H exp(Km,l COS(’PZ - l,bm + Qm,l)),
I=j+1m=I+1

forj=1,2,...,9—-1, (4.34)

q
Mi(Piy1, ¥js2, .-, Py) = /exp [in,i cos(; — 6;;)
i=1

-1 q
+ Y Y wjcos(p; — ¢+ 0;;) [dyrdyp, ... dy;,

i=1 j=i+1
forj=1,2,...,q, (4.35)
= /Mjfl(lpjrgijrlr“-/qu)lej forj:2,3,...,q.
(4.36)

From this point onwards, we denote M;(¥; 1, ¥j12,..-,¥4) simply by M;, in
favour of notational simplicity.

Note that M, = No(v). We carry out the integration sequentially over ¥y to ¥,
and in the process obtain M; to M. The first step is to integrate over ¢; and obtain
M;. We separate 1p; terms and express M; as

Ml = /Al (lpz, . ,IIJq) [exp(KLl COS(I/J] — 91,1))
q
1T exp(c1,m cos(gpr — ¢ + 91,m))] dy;. (4.37)
m=2

We then apply (4.19) and do the following manipulations:

M, = /A1 (Zlnl x1,1) cos{ny (1 — 61 1)}>
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q
H Z Inlym (Kl,m) COS{”l,m(l/h - l/)m + 91,m)}d1~/)1/

m=2M1,m

_/A1 <Zln1 K1,1 COS{”1(¢1—911)}>

X { Z H I”l,m (Kl,m) COS{TZl,m (1'/)1 —Pm+ 91,111)}} dl/]l,

112,11 3.+,111,g M=2

—/Al L, (k11 {Hlnlm K1,m }

ny, ﬂlznls Mg

COS {1/11 < Z 1’11,]‘ + 7’11> Z 1’[1] 91] — 1’1191 1} dl[]l (438)

j=2

Since the integration is performed on ¢ € (0,27, only the cosine terms of (4.38)
in which the coefficient of 1y is zero contribute to the result; that is

q 9
mA4+Y mj=0= ng=-) mn, (4.39)
j=2 j=2

Define 7i; as

31
|l>

f} (4.40)

Using 7i; to eliminate the nested summation over n; appearing in (4.38), we obtain

M1 = (27‘[)A1() Z K11 {H I”lm Klm } { Zi’ll] 91]

n2,M1,3..-,M14

—ﬁmm}. (4.41)

If we assume the general form of M; fort =1,2,...,9 — 1 to be

Mt = (27'C)tAt() 2 {ﬁl Km,m }{1—[ ]_—[ Inlm Kl,m }

m=1 =1 m=I+1
tq tq t
xcosq =) Y mypi Y, Y nmibii— ) i, (4.42)
i=1j=t+1 i=1 j=i+1 j=1
where ‘
j—1 q

ﬁ] = Z;ni,j — Z Tl]',i, (443)
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then M, is given by
M = /Mtdllltﬂ,

= (27T)tAt+1(')/n - Zn . {1_:[ i (K, m }{H H In;m Klm }

=1 m=I+1

Xcos{ YOV mpt YYD i, Z”J u}

i=1j=t+1 i=1j=i+1

X [eXP(Kt—H,t—i-l cos(Pri1 — Ors1,041))

q
x [T exp(kez1mcos(Prir — m + 9t+1,m)):| dipri1. (4.44)

m=t+42

Using (4.19) on the exponential terms appearing in (4.44), we have

Mg = (Zﬂ)tAtH(')/ ). {H L, (s }{ﬁ [T Zn, (ki }

N1, M gseneesy My py1.-Meg =1 m=I+1

xcos{ Zt: Y. nz;¢]+z Z n; i Z”J 11}

i=1j=t+1 i=1j=i+1

X (E Iy oy (Kps1,641) cos{np (i1 — 9t+1,t+1)}>

[

q
X{ Z H Int+1,rzz(Kt+1,m)

M1, p4 241 43 Mg 1, =142

x cos{nt11,m(Pr+1 — P + Ors1,m) b }d¢t+1/ (4.45)

= (27T)tAt+1(')/ Z {H Inm Km,m } In,H (Kt+l,t+1)

M1 M1 gyeeeeee 414420 41 g

t+1 q
y {H 11 In,,,,,m,m)}

=1 m=I+1
14
X cos {lPt+1 (”t+1 an t+1 + Z ”t+11> =Y ) my
i=t+42 i=1j=t+2
t+1 ¢ t
+ 3 ) miibij— Y b i — nigabi, t+1}dl/1t+1 (4.46)
i=1j=it1 =1

By the use of the same argument in obtaining (4.39), we see that only the terms
of which the coefficient of ;1 in (4.46) equals 0 contribute to the result of the
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integration over ¢;1. The coefficient of {;;1 is zero when n; 1 = fi;y1. We use
fi+1 to eliminate the summation over n;,1 and obtain the result after integrating
over Y, as

My = (2m) 1 Apia () Z {ﬁ L, (Ko }

1,217 greeeeee /414420 Pt 1 g

t+1 t+1 q t+1
{H [T b (e } {—2 Y mi b Y% mty

=1 m=I+1 i=1j=t+2 i=1j=i+1
t+1
j=1

Note that (4.47) and (4.42) share the same mathematical form. Further, observe
that the expression for M in (4.41) is a special case of the generic form (4.47). Thus,
it follows by mathematical induction that (4.42) holds true fort =1,2,...,9 — 1.

Finally, No(v) = M, is obtained by setting t = g — 1 in (4.42) as

Mq = (27T) Z {Hlnm Km,m }{q H Inlm Ki,m }

N1 gseenneny Ng—14 1 m=I+1

Il
—_

xcos{z Y. niibi En] ”} (4.48)

i=1 j=i+1

The exact form of the formula given in Theorem 4.1 follows from re-labelling

the variables {ny2,n13,..., 114,123,124, ... ... Mg} as {ny,noy,.. .,nq(q,l)m}.

4.C Calculating L(p1, p2)

We propose a Monte Carlo method to approximate L(p1, p2) as follows:

L(p1, p2) = /P(y|ﬂ5) log (p;gﬂ;;)) dy — /P(}/|ﬂ5) log (P;Zl’;“;’)) dy,

pP1
f’z(]/))]
Eune o8 (527 |
& pa(y™)
~1 1 y , 4.49
/ni; og ﬁl(y(l))> (4.49)

where y() for 1 < i < n is the i" sample from the predicted measurement density

p(ylps)-
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The required samples from p(y|us) can be easily generated as demonstrated
below:

Py, ¢lus) = p(yle, us)p(¢lps),
= CN(y;h(9); ) GMV (P |us), (4.50)

where () is the measurement function corresponding to equation (4.26). Gener-

ating the i sample from p(y|ps) can be accomplished in two steps:

e step 1: Generate a sample (/) from a Markov Chain with the stationary dis-
tribution being GMV (1 |pu5) using the Gibbs sampler. This process is triv-
ial since all the full conditional distributions(the univariate distribution ob-
tained by conditioning all the variables but one from a multivariate distribu-
tion) are VM distributed as discussed in Section 4.4.3,

e step 2: Generate a sample y/) from CA (y; h(yp)); 0?).

Sample y() can be used to infer any statistic from the desired distribution p(y|pus;).






CHAPTER 5
A particle filter for a partially

known multipath environment

Summary

n Chapter 3 we introduced a novel multipath model, where the inherent un-
I certainty in the environment is taken into account in the radar measurement
equation. In particular, recall that the uncertainty in the location of the walls is
captured in the model by introducing a uniformly distributed random phase shift
into the radar equation. Further, we relaxed the assumption that the reflectivity
factors of the walls and the target are known; they are considered as random pa-
rameters. In this chapter, we propose a Markov Chain Monte Carlo (MCMC) based
particle filter as a solution to this challenging filtering problem of estimating the

target state amidst multipath reflections.

5.1 Introduction

In Chapter 1, we discussed the changing perspective on multipath in the radar sig-
nal processing research community. In particular, recall that the conventional ap-
proach towards addressing multipath is to treat it as a nuisance during the filtering
process [Rigling 2008, Mecca 2006]. Recent studies [Krolik 2006, Chakraborty 2010,
Chakraborty 2011, Hayvaci 2012b, Hayvaci 2012a, Li 2011, Sen 2007, Sen 2011] in-
dicate a deviation from this approach and promote multipath as a useful resource
for tracking in urban environments. In order to exploit the information content
in multipath we need good models of the multipath environment, and a sound
formulation of the estimation problem. In Chapter 3, we proposed a novel model
where the uncertainty in a realistic multipath environment is captured in the radar
measurement equation. In this chapter, we propose a statistical filter to track a
moving target under the proposed multipath model. First, we present a brief re-
view of some of the relevant work appearing in the literature and also discuss how

our work differs from those.

83
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Among existing work, it is common to see geometrical restrictions imposed
on the multipath environment. As an example in [Chakraborty 2010], multipath
causing reflective surfaces are assumed to be parallel to each other. In [Sen 2007,
Sen 2011] authors assume that all the multipath appear in a single range cell. This
assumption is only valid in very specific situations such as when the multipath en-
vironment consists of a narrow canal. In [Hayvaci 2012a, Hayvaci 2012b] the num-
ber of multipaths available is limited to two. In the work presented in this chapter,
we formulated the estimation problem without imposing any geometrical limita-
tions on the environment. Additionally, our problem formulation accommodates
an arbitrary (but known) number of walls (reflective surfaces) in the environment.

The existing literature can be broadly divided into two categories
based on how the unknown parameters are perceived in the model: determin-
istic [Sen 2007, Sen 2011, Li 2011, Hayvaci 2012b] or random [Chakraborty 2010,
Chakraborty 2011]. Treating the unknown parameters as random quantities has
the advantage of incorporating prior knowledge and uncertainty into the model.
However, it appears that the deterministic treatment of unknown parameters is
commoner than the alternative stochastic treatment in the literature on multipath
radar. In our work, we have stressed the incorporation of uncertainty about the en-
vironment. Thus, we have been led to the treatment of the unknown parameters
as random quantities and thereby followed a Bayesian framework for inferencing
tasks.

Not much work has been done particularly on the target tracking problem
in urban multipath radar. The tracking problem involves recursive estimation
of parameters as they evolve through time. Usually, the dynamic behaviour of
the parameters is specified through a differential or difference equation known as
the “process equation”. Some examples of existing work on tracking a target in
multipath radar environment are [Chakraborty 2010, Chakraborty 2011, Li 2011].
In contrast a static parameter formulation is considered in [Sen 2007, Sen 2011,
Hayvaci 2012a, Krolik 2006]. In the work described in this chapter, we focus on
the multipath target tracking problem while explicitly accounting for the uncer-
tainty in the environment.

In Section 2.2.2, we discussed the two types of measurements (raw sensor mea-
surements vs detection based measurements), which could be used for tracking.
A common theme among most of the existing work on multipath radar is the
use of radar detections as measurements for the target tracker [Chakraborty 2010,
Chakraborty 2011, Li 2011]. However, recall that a recent study [Morelande 2007]
suggest that using raw radar sensor measurements as input to the filter results

in a lower PCRB. Additionally, the use of detections for tracking introduces the
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data association problem, where the challenge is to map detections to physical
paths. In [Chakraborty 2010, Chakraborty 2011] it is assumed that these associa-
tions have been optimally carried out. Motivated by these arguments, we opt to
use raw radar sensor data as measurements in our tracker. Note that by using raw
sensor data, the data association problem can be avoided since the measurement
is a superposition of all the multipath signals and therefore the likelihood function
can be specified without an exhaustive summation over the space of possible data
associations.

At this point, we summarise the important aspects of our multipath model on
which the target tracking filter proposed in this chapter is based. We do not im-
pose any geometrical restrictions on the environment such as the obstacle walls
being vertical, horizontal, or parallel. Once a radar signal is in contact with ei-
ther the target or a wall, it is attenuated by a fraction we refer to as a “reflectivity
factor”. We treat the reflectivity factors of the walls and the target as unknown in-
dependent random quantities. Further, we assume that the location information is
accurate only up to a few wavelengths. This uncertainty in the wall location infor-
mation is modelled by introducing a uniformly distributed random phase shift to
each of the multipath signals. From a Bayesian perspective, the flat prior (uniform
distribution) imposed on the phase shifts is used to translate the uncertainty in the
building locations into a mathematical model. The idea of introducing a uniformly
distributed phase shift can also be seen in [Wilson 1999], but is used there in a dif-
ferent context. The assumptions that the locations of the walls are known up to a
certain accuracy and the wall reflectivity factors are unknown random variables
are quite practical. As an example, the available map of the terrain may contain
errors which will be accounted for by the former assumption.

In accordance with this model of the environment, the state vector includes
the phase variables and reflectivity factors in addition to the target dynamics.
This amounts to a challenging filtering problem. Particularly, we emphasise that
the uniform prior distribution imposed on the phase variables significantly con-
tributes to the uncertainty of measurement. We have chosen to address this highly
non-linear filtering problem by employing a particle filter.

We described the particle filter in detail in Section 2.1.4. In that discussion
we introduced the typical procedure of generating particles using a Monte Carlo
method known as importance sampling. However, it has been shown that there
are drawbacks in using importance sampling such as divergence issues
[Robert 2004, section 3.3.2], poor performance in high dimensional problems
[Li 2005, Oh 1991] and difficulty in choosing a good importance density. It should
be noted that importance sampling, though quite common, is not the only choice
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for particle generation. Recently, researchers have considered MCMC methods to
generate particles [Khan 2005]. MCMC techniques are quite attractive for particle
generation because of the relative ease of constructing a Markov Chain with the
stationary distribution being the desired empirical filtering density. MCMC meth-
ods such as Gibbs and Metropolis-Hastings (MH) algorithms are two simple and
popular methods to construct a desired Markov Chain. In this chapter, we employ
the MCMC based approach for particle generation because of these difficulties,
which are especially pertinent to challenging high-dimensional filtering problems
such as the one being addressed. However, it should be noted that MCMC meth-
ods are not without drawbacks such as the challenges in constructing a chain that
converges quickly and diagnosing convergence [Kass 1998].

It is relevant to highlight some of the differences between the MCMC based
particle filter proposed in [Khan 2005] and the one presented in this chapter. In
[Khan 2005] the MH sampler was used with a proposal which adds, removes or
predicts targets. Its disadvantages are that it relies on prior statistics and so is not
influenced by the measurements. Further, it does not exploit the structure of a
model, such as ours, in which full conditional marginals are available for most of
the parameters and can be approximated quite accurately for the other parameters
(kinematic states).

The dimension of our measurement vector is relatively large because of our use
of raw sensor measurements. When using approximate algorithms such as particle
filters, a single Bayesian update using a large measurement vector has the poten-
tial to introduce considerable error into the estimate [Oudjane 2000, (9)]. More
generally the problem arises when a large amount of information (that is, signal
to noise ratio is very high), all at once, is used on sub-optimal filtering algorithms.
One solution to the problem is to gradually perform the Bayesian update, which
is known as progressive correction. Progressive correction is achieved in two ways:
partitioning the measurements into smaller batches and processing them sequen-
tially as in [Chopin 2002] or decomposing the likelihood function into a series of
products and processing each term sequentially as in [Oudjane 2000]. We have
implemented progressive correction using the former approach of partitioning the
measurement vector into smaller blocks.

Our contributions in this chapter can be summarised as follows. We address
the multipath radar target tracking problem with emphasis on incorporating the
environmental uncertainty. The tracker is implemented using an MCMC based
particle filter, where we have exploited the fact that the full conditional marginal
posterior distributions are readily available or can be well approximated. These

concepts can be applied to any generic filtering problem where it is difficult to
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design good importance distributions.

The rest of the chapter is organised as follows. We specify the multipath model
introduced in Chapter 3 once again in Section 5.2 to safeguard the reader from
flipping back and forth between chapters. The proposed particle filter design is
presented in Section 5.3. Section 5.4 presents simulation results and a discussion
followed by a conclusion to the chapter.

Some of the frequently used notations and acronyms are given in Table 5.1.
Any notation/acronym which does not appear in Table 5.1 is defined at the first

occurrence.

Table 5.1: Summary of common notations and acronyms.

Notation/Acronym Description

I Identity matrix (The dimensions would be implied by the
context unless explicitly stated through a subscript.)

® Kronecker product

1:k 12 ... K'keZ*

Xy [Xo, Xo, ... Xpy] (xn is the n'" element of x. Here, the index
vector v consist of N integer indices.)

N(;0,A) Multivariate Gaussian distribution with parameters ©
(mean) and A (covariance)

CN(;0,A) Circular symmetric complex Gaussian distribution with pa-
rameters ©® (mean) and A (covariance)

AOA Angle of Arrival

BF Bootstrap Filter

MCMC Markov Chain Monte Carlo

MH Metropolis-Hastings

OID Optimum Importance Density

uUT Unscented Transformation

5.2 Modelling and notation

Consider a target travelling in an urban terrain. Multiple radar transmitters are
placed at suitable locations to illuminate the radar environment. The radar sensors
receive a superposition of multiple signals due to scattering of the transmitted
signal.

The target state at time #; is denoted by x; = [xx Xk yx yx)', where (xk, yi) is the
target position in the Cartesian plane and (%, ) are the respective velocities. The

target state is assumed to transition from time t;_ to t; according to the following
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dynamic equation:
X = Fixp_1 + wy, k=1,2,..., (5.1)

where

F,=L®

T
) ] ) (5.2)

with cov(wy,, Wi,) = Ok, —k,Qx and

Qk: 12®K

T3 T2
13/3 T2/2 ] 53)

T2/2 T

Here, T = tj — t;_; is the state sampling period.

Consider the following setup:
e N transmitters are placed at suitable locations.

e Return signals are received by M uniform linear arrays with the m!" array

composed of L,, elements.

e During the sampling period each transmitter transmits a sequence of P pulses
of duration D and period T7, with the first pulse being transmitted at f;, for
k=1,2,3,...

e Let s;, denote the time series transmitted by the n'* transmitter at time .

o Let the total number of paths between the n' transmitter and the m'" receiver
be denoted by P, .

¢ Incoming data are sampled at a rate of T, seconds.

e The reflections off the walls are specular (that is, mirror reflections).

e The transmitters and receivers are coherent.

e The target is a point scatterer.

e There are B buildings in the terrain, which are numbered from 1 to B.

e Each time a multipath hits the bt" wall, the signal attenuates by a random
reflectivity factor, which is distributed according to N (-; 4y, 1), where the

prior parameters y;, and ¢, are known.
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e Each time a multipath hits the target, the signal attenuates by a random tar-
get reflectivity factor, which has the distribution N (; uo, 19), where the prior

parameters yg and (9 are known..

e The collection of all the wall and target reflectivity factors is denoted by the
vector zx, and is assumed to be temporally uncorrelated.

e The locations of the buildings in the surveillance area are approximately

known.

e Because of the uncertainty of the wall locations, the radar signal correspond-
ing to the p'" path between the n'* transmitter and the m'" receiver is phase
shifted by ¢}, ,,, where

lpﬁ,m ~ U[O,Zn)~

The collection of all such phase variables between all the transmitters and
receivers at time k is denoted by the vector ;. Let i; x denote the i* member
of this vector.

The signal vector received by all the sensors at time t; + uT5 is
Yi(u) = h(xg, ¢, zi;u) + e(u), foru=0,...,U—-1, (5.4)

where e(u) is a circular symmetric complex white Gaussian process with covari-
ance matrix 2021, and

N :uk,n,l (xk' lpk’ Zy, uTZ)
h(x, Py zisu) = ) : ,
n=1

I’lk,n,M(xk/ lIJk, Zy, uTz)
with the measurement function g, ,, ,,(-) forn =1,...,N,m =1,..., M, given by

Pn,m

P (X, 2:1) = 21 g (%, 2; 1) exp(jiphm), (5.5)
=
and
ghm(%,2;t) = &y 1y (%,2)50 (t — Thyu(x) )& (9!
X ap (£ 05 (%), 0m (X)), (5.6)
with

. ° 7 ; 7 /
am(t,'9,9) = |: 1 Ei]dmr“ s Eij(Lmil)dmr[ :| ’ (57)
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where
i = cosf — Otsin#, (5.8)
d;, = the separation between the elements of the m'™" sensor array, (5.10)
A = the wavelength of the carrier signal. (5.11)

For the p'* path between the n'* transmitter and the m'" sensor array:

e a} »(x,z) is the intensity of the return. This includes transmitted signal

strength as well as path attenuation.

e 0 ,.(x) is the Direction of Arrival (DOA).

nm(X)
e 0} ,(x) is the rate of change of the DOA.
e T/ (x) is the delay of the signal.

(%)

e v} u(x) is the Doppler shift.

The mathematical expressions for the above five quantities are included in Ap-
pendix 5.A.

The entire measurement vector at time f; is
Y = h(xi, ¢, zx) + e, (5.12)
where

Yi = [Yx(0)... Y, (U - 1)],
h(Xk, l[)k, Zk) = [h(Xk, l[)k, Zk,'O) . h(Xk, l[)k, z, u-— 1)]/,
[e(0)...e(U—1)]"

e

It is convenient to work with real vectors; thus, we split the complex measure-
ment vector and complex h(x,) into real and imaginary parts, and concatenate

them into real vectors as follows:

yi = [Re(Yx)" Im(Yy)'], (5.13)
h(xi, 9y, zx) = [Re{h(xp, ¥ z6) Y Im{h(xe, 9y, zi)}]'- (5.14)
Let y* = [y1 y2 ...,yx)/, denote the vector of all measurements up to and

including time k. The main objective in tracking is to estimate the target state x;

after observing y*.
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5.3 Theory/Methodology

Suppose a vector 8; € RN can be partitioned into P components as

O = (014 055,00, (5.15)

A simple method to construct a Markov Chain with p(8;|y*) as its stationary dis-
tribution is the Gibbs sampling method [Geman 1984]. To use this method it is re-
quired to be able to draw samples from all the conditional marginal distributions.
This means, sampling from p(6j1k|yk, 011 0j11.px) for every j = 1,2,...,P; a
luxury which is not computationally possible in general. A more general solu-
tion to designing a desired Markov chain is the MH algorithm [Metropolis 1953,
Hastings 1970]. The MH algorithm samples from some proposal 4(6; ly", 011k
0 1. px), and accepts the new sample with a certain probability, such that the chain
converges to the desired target density. Note that the Gibbs sampling method is a
special case of the MH algorithm which occurs when the proposals are chosen as
the full conditional marginals.

Consider the multipath filtering problem introduced in Section 5.2. The state
vector at time k can be broadly divided into three components as: target kinematics
Xk, phase variables 4, , and wall reflectivities z;. In the context of particle filtering,
using the auxiliary variable framework described in Section 2.1.4, we have an ad-
ditional variable i indicating the sample index.

We wish to construct a Markov chain with stationary distribution p(xy, ¥ i Zkr 1 |
yk). The Markov chain is progressed from state (x,,z,i) to a different state
(x',¢’,2/,1") over a series of draws using either Gibbs steps (when drawing from a
tull conditional marginal distribution is feasible) or MH steps which approximate
a Gibbs step.

We present the discussion of the transition from (x, ¥, z,i) to (x',¢',2’,i') in

four parts, as shown below:

(x,¢,z,1) Lrtl> (x, ¢',2,1) &tz) (x, ¢, z,i) Lrt3> (x, ¢',2/,1) % X, ¢, 2,i).
(5.16)

5.3.1 Updating the phase vector

Consider the distribution p(¢,|y*, xi, i, z). Bayes’ rule leads to the following set of
equations:

p(Pely" xi, i, zic) < p(yel gy xe zi) p (), (5.17)
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< CN (Yi; h(xy, ¢, z1),20°T). (5.18)

By direct substitution of (5.5), followed by some simple manipulations, it can
be shown that p(¢,|y¥, ¢, i, z¢) has the following form:

Q
PPily* i1, 21) ocexp{ 3 sy OS (i, — g )+

n1:1

0O-1 (@)
Y Y fum cos(wnl,k—wnz,k+¢n1,nz)}, (5.19)

m=1ny=n;+1

where

() is the number of elements in ¢,

Knyny and Py, 5, for ny < ny < () are functions of xi, zx, and yy.

The formulae for «;, ,, and ¢, », are included in Appendix 5.B. Equation (5.19)
shows that p(p,|-) is the Generalised Multivariate von-Mises (GVM) considered
in Chapter 4 and [Karunaratne 2012a]. Obtaining samples directly from (5.19) is
not feasible. However, note that the full conditional marginal distributions for

each of the phase variables are from the univariate von-Mises family; that is

P(lPi,k |Yks Xk, Zk, ‘I’mfl,k/ ¢i+l:Q,k) =
VM Wi Yir Xker Zk Y141 0 Wi 1.0,k)- (5.20)

Note that VM distribution is a nice distribution, where sampling can easily
be performed [Best 1979]. An implication of (5.20), is that Gibbs sampling can
be used, if the transition from (xi, ¥, z,i) to (X, P}, z,7) is carried out over ()
Markov steps, where in each step only one phase is updated by drawing from a
VM distribution.

The process is illustrated by the following state flow sequence.
% Pr.op 2k 1) = (% 1k W p 200 1) — (X Who o $o.opr 200 1)~ (Xk, W, 24, 1)

The above procedure can be summarised as drawing ;. from the proposal
Gy (YLl P, ¥*, Xk, i,2), where

2

9o (Wil Y X0 i zi) = [TV M@ 10 $ 100 Yo Xk 20)- (5.21)

j=1
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5.3.2 Updating the particle index

This part involves moving the Markov Chain from the state (xy, ¥}, z, i) to (x, ¢},
z;,i'), which is accomplished by drawing a particle index i’ from p (i’ |x, zx, ¢}, y*).
First, the form of the discrete distribution p(i’|xy, zx, ¥y, yk ) is discussed.

Assume that we are regularising the particles at time k — 1 using a Gaussian
kernel. Then, the kernel density of x;_; conditioned on a particle index i and the

measurement history y*lis
ﬁh(xk71|i/ yk_l) = N(Xk,l}x;;_l,h22), (522)

where h is the smoothing bandwidth (set using the empirical formulae found in
[Silverman 1986]) and X is the covariance of samples xl(cz_)1 forz=1,...,7.

Now we apply Bayes’ rule on p(i'|xy, zk, ¢, y*):

p(i' |, 2k, i, Y) & p(yi|xe zi, 91) Pk 2k P Y1), (5.23)
< p(xili, ¥y 1), (5.24)
= /p(xk‘xk—l)ﬁh(xk—l’i//ykil)dxk—lr (5.25)

= /N(Xk,‘ Fkx;(ci,,)l,Qk)N(qu;Xi_l,hzz)dxkq, (5.26)

= N (x; B, Qg + 12E). (5.27)

The result (5.27) is particularly important; we have a closed form solution to p(i’|x,
zi, P}, y°). Therefore, a Gibbs step is easily performed to accomplish part 2 of the
transition, by evaluating (5.27) for all the particles, followed by randomly draw-
ing a particle index with a probability proportional to those calculated values. It
should be noted that the expense of drawing the auxiliary variable is O(Z?2).

5.3.3 Updating the reflectivity factors

Here, the objective is to progress the Markov Chain by updating the reflectivity
factors from z; to z;. The reflectivity factors appear within the attenuation function
«(x, z), which in turn appears in the measurement function (5.6). The attenuation
function a(x, z) is explicitly defined in (5.46).

Consider an individual element of the vector z;. It is easy to see from (5.46)
that this component affects the measurement function (5.6) linearly. This fact, to-
gether with a Gaussian prior distribution for the reflectivity factors, results in the
full conditional marginal distribution of a single element in z; being normally dis-

tributed. Thus, the Kalman filter explained in Section 2.1.3.3 is easily used to ob-
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tain the full conditional marginal distribution. Consequently, the transition from
(x, ¢',z4,1') to (x,¢',z;,1") is easily performed over a series of Gibbs steps: by
updating one element at a time through sequentially drawing samples from full
conditional marginal distributions. Recall that we used a similar procedure to up-
date ¢,.

To describe the sampling procedure mathematically, let

zi = 21k 2ok, - - 2r4)

where I' is the number of reflectivity factors at time k. Then z;< is drawn from the
following distribution:

r
0z xi 1 91 y) = 11 Pz kX, 1 Wi 211 o 21T k), (5.28)
=1
r

~
Il
—_

where the parameters of the normal distribution z; and C;j, are completely defined
by the full conditional marginal distribution for z;’k; that is, p(z;/k|xk, i, ., 2. i1k

Zj+1:r,k)- The parameters z; and C; follow from Kalman filter equations.

5.3.4 Updating the target kinematics

This part is concerned with the transition of the Markov Chain from (x, ¥}, z;,i’)
to (x;, ¥}, z;,i"). The full conditional marginal distribution for x; is not available
in closed form; therefore, we use a MH step which approximates a Gibbs step.
This involves finding an approximation to the full conditional marginal for the
kinematic state.

We wish to bring to the attention of the reader the work presented by us in
[Karunaratne 2012b], where the multipath filtering problem with known phases
and reflectivity factors was considered. The full conditional marginal distribution
for x; considered in this section is exactly the posterior distribution for the filter-
ing problem considered in [Karunaratne 2012b]; there, the posterior distribution
for the target state was not known in closed form, but we proposed an efficient
importance density based on the Unscented approximation to the OID.

Recall that the measurement vector is quite large as a result of the decision to
use raw sensor data instead of radar detections. In such settings, the concept of
progressive correction [Oudjane 2000, Morelande 2009] suggests performing the

Bayesian correction process in multiple steps in order to reduce the approximation
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error in particle filtering. Here, we adhere to that concept by splitting the large
measurement block into smaller sub-blocks, and performing the Bayesian update
sequentially over those sub-blocks. The procedure is explained next, along with
how we have exploited the UT to approximate the full conditional marginal distri-
bution p(xk|yk, P, 2k, 0).

Let y; and h(x;) be partitioned into J blocks with each block consisting of A
elements as shown below:

Ve = Yixe Yo - Yl (5.30)
fl(Xk) = [fll (Xk>l ce ﬁ](xk)’]/. (531)

Note that the two vectors should be partitioned consistently (that is, the i mea-
surement partition y; ; corresponds to the i partition h;(x;) of the noiseless mea-
surement vector h(xy)).

Let the notation y{{ denote the measurement vector consisting of measurement
partitions 1 to j at time k. Assume that we have processed the measurement par-
titions 1 to j — 1, so that the distribution ﬁ(xk]yfl,ykfl, P, 2k, 1) is known (in the
boundary case of j = 1 the relevant distribution is p(xkly*1, ¢y, 2k, 7). We intend
to process the j* partition to arrive at p(x¢|y}, y* 1, ¢y, 2, ).

Using Bayes’ rule p(xk\y;(, y* L, ¢, 24, 1) is given by

i—1 _ .
) = P Yijlye Y ¥ 2k 0)

P(Xk’}’i/ykilz IIJk/Zk/i — 1 - (532)
pyilye Y $r i)

The distribution p(xt, yx,; |y;;1, y* 1, ¢, 2,1) is not available in closed-form
and hence we approximate it as by a normal density; that is

— . X . .
P(Xk,Yj,k’Y;( 1,Yk Lz i) R N ([ g ] ;;ufﬂ,k, Cf,k> , (5.33)

Yik
where
S
X.
] 1,k
’/llk Aj ] 4
Yik
j—1 j
o Pi(k ) Tg,k
ik T] S]
ik ik

Note that equation (5.33) implies that )A(]‘;l, P! and (3 , S/ ) are moments
q 1% ik ik yz,k ik
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of the predicted state and measurement distributions:

S ‘ L

p(yixlye ¥ 2k 1) ~ N(yik ¥l Shi)s (5.34)
i1 g . -1 pji-1

p(xe|y% YUz 0) = N (xg x?/k ,Pﬂlk ). (5.35)

The UT can be used to approximate the moments appearing in (5.33). How the UT
is used in the Unscented Kalman filter is explained in Section 2.1.3. Basically, the
moments of a non-linear function are approximated using the UT by evaluating the
function at deterministic points known as sigma points, and assigning a weight
(the sigma weight) to each of these points. These sigma points are transformed
using the non-linear function, and their (weighted) sample statistics are used to
approximate the moments of the non-linear function. There are many methods
to choose sigma points and corresponding sigma weights, but we have used that
suggested in [Julier 2000].

Suppose x1, .- ., Xs are S sigma points with weights given by vy, ..., vs respec-
tively, and chosen to match the first two moments of p(x; |y;:1, v, ¢,,2z,i). The
procedure can be initiated by noting that the first two moments of p(x¢|y?, y*1,1)

are FXI(Q1 and Q; + hZ respectively.

Let Y = ﬁj( Xm)- The following equations provide expressions for moments

appearing in (5.33):
. S
9~ Y 0, (5.36)
m=1
: ) S . ;
S~ T+ Y vV — 9 (Y — i), (5.37)
m=1
, S . .
Yo~ Y (X — X ) (Y — 91, (5.38)
m=1

With the moment approximations (5.36)-(5.38) in hand, we can now substitute
(5.33) and (5.34) into (5.32), and do the necessary manipulations [Anderson 1979,
Example 3.2] to obtain p(xk|y}, ¥, z«, i) as

p(xk IY;U lIJk/ Zy, l) = N(xk; )A(;,k/ Pglk)/ (539)
where

=1+, {Sf,k (5.40)

P{,k = P{:,;l - ‘I’{:,k {S{,k}il {‘Y;,k}/ . (541)

——

—~~

<
=

=

>~
~
~
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Once the last (J") measurement partition is processed, we have an approxima-

tion to the full conditional marginal density p(x¢|y*, ,, z, i) as
p(xk’yk/ l/;k/ Zy, l) ~ N(Xk; )A(lj':k’ P{,k> (542)

Let gx(x¢|y", Pz, 1) = N (x5 ’A‘z{k' Pl{k); we use gx(+) as an efficient proposal in
the MH algorithm to update the target dynamics and complete the transition from
(X 24, 1) t0 (X, W 2, 1),

As our filter is based on MCMC, some implementation details on chain conver-
gence related issues are discussed now. One of the main concerns in MCMC based
methods is the rate of convergence of the Markov Chain [Kass 1998]. We have ob-
served that for some initial values the mixing of samples in the Markov chain was
poor. In such cases the chain was restarted with a different initial state. There are
many methods developed for diagnosing chain convergence [Cowles 1996], but
we use rather a simple method of monitoring the (approximated) effective sample
size
[Arulampalam 2002].

5.4 Results and discussion

Consider the multipath environment illustrated in Figure 5.1. The environment
consists of four walls, a single transmitter and a single receiver (B =4,M =1,N =
1). The Cartesian coordinates of the transmitter and the sensor are (2060, 1425)
and (2120, 1620), respectively. The prior distribution for the target is assumed to
be normal with mean [2083 0 1280 12]" and covariance matrix I, ® diag([2 1/4]),
where diag(-) represents a diagonal matrix with its diagonal elements being spec-
ified by the argument to the function. The state sampling interval T is set to 1s.
The process noise covariance matrix Qy is fixed by setting x = 2.1. The measure-
ment noise covariance is set by 0> = 0.4. The trajectory of the target over 38 time
scans is shown in Figure 5.1. Note that the trajectory of the target used for this
setup does not follow the constant velocity motion model on which the filter is
designed. Therefore, we have accounted for the model mismatch by assuming
large enough uncertainty on the target dynamics through a sufficiently large pro-
cess noise covariance matrix Q. This model mismatch together with large process

noise make the tracking problem even more challenging.

The signal transmitted from the nt" transmitter at time k is chosen as a linear
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Figure 5.1: Simulation environment for a target travelling around a corner.
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chirp signal with energy E given by

~VE P exp{ljv—1/(20M)](t - pT1)*}
Sk (t) = NG p_(;l)/z (2213 : (5.43)

The number of P pulses transmitted is set to 3. The chirp parameter v is chosen
such that the effective bandwidth of the signal is 40 MHz. The duration of the
pulse is set to 250 ns, which is controlled by the parameter p. The interval between
pulses T is set to 100 ps. The number of elements of the sensor is fixed at L; = 2.
The wavelength of the carrier frequency of the radar signal A is set to 1.0 m. The
signal energy E of the transmitted signal is calculated such that a desired average
Signal to Noise Ratio (SNR) is achieved for the entire target trajectory. For each
time scan of the trajectory, the SNR of the least attenuated path was considered
to obtain the average SNR for the entire trajectory. We chose the desired SNR as
20dB at the output of the matched filter. The distribution parameters for the wall
reflectivities are y;, = 0.6 and 1, = .0025 for b € {1,2,3,4}. The distribution
parameters for the target reflectivity are pop = 0.7 and ¢y = 0.0025. The bandwidth
for kernel regularisation was set using [Silverman 1986, p. 87] with further scaling
by a factor of 0.5.

For generating simulation results in this section, we performed Monte Carlo
experiments by repeating each simulation experiment 100 times, with the target
trajectory fixed as in Figure 5.1. The reasons for fixing the trajectory instead of
generating it each time through the stochastic kinetic motion model are twofold.
First, we wanted to assess the filter against a challenging scenario such as one
comprising a segment which includes the target taking a turn around a corner.
Secondly, if the trajectory was randomly drawn each time from the target dynamics
model, there is a chance that in some realisations the target would hit a wall.

One of the key parameters of particle based filters is the number of particles
used. With the objective of assessing the sensitivity of the filter to sample size,
we ran the simulation by varying the number of particles while keeping the rest
of the parameters constant. The results are shown in Figure 5.2. Unsurprisingly
the results suggest that the use of more particles leads to better performance. The
effect of the number of particles is more visible in the RMSE graph for the velocity
when compared against that of the position. The relatively small number of parti-
cles required for almost optimal performance is also evident from these results. An
intuitive interpretation of the shape of the curves can be presented based on the
target trajectory and the placement of the transmitter and the sensor as shown in

Figure 5.1. The reduction of the error from time step 2 up to about 12 is due to the
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Figure 5.2: Results of the experiment to assess the effect of the number of particles.
The diagram shows the RMSE of the filter for: (a) position in meters (b) velocity in
meters per second.

target moving towards the transmitter and hence progressively producing strong
reflections; the transmitter is closest to the target at time step 12. Afterwards, the
error increases as it moves away from the transmitter until time step 18. The avail-
ability of more multipath and the fact that the target is approaching the sensor is
the explanation for the reduction of error from time step 18 to 33. At k = 33, the
target is closest to the sensor. During the last stages of the trajectory (k = 34 to 38)
error increases due to the target shifting away from the sensor which leads to weak
and fewer multipaths.

The use of progressive correction is a key element in the construction of an ap-

proximation to the full conditional marginal of the kinematic state. It is of some
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interest to observe the effect of progressive correction on the performance of the
particle filter. To that end, we varied the number of measurements (A) that were
used in a single Bayesian update step (while keeping the number of particles fixed
at 50). Here, a smaller number of measurements per update (small A) implies that
more progressive correction is used. The results are shown in Figure 5.3, which
prove to be interesting. Progressive correction appears to degrade the performance
during the initial trajectory segment (around time steps 2 to 6) but has a significant
favourable effect around time step 12. The explanation for this behaviour is as fol-
lows. There are two conflicting sources of error at play here. First, note that each
time a progressive correction is made, we do a Gaussian approximation to the pos-
terior distribution. Thus, the use of more progressive correction steps implies that
the Gaussian approximation occurs more frequently leading to accumulation of
error of this type. The second type of error, which progressive correction is in-
tended to reduce is that introduced by the application of the Bayesian correction
to an approximate prior rather than the true prior. This error is more severe in the
presence of strong signals (see [Oudjane 2000, (9)]). Performing more progressive
corrections does help to reduce this error but introduces the approximation error
of the other type. The result in Figure 5.3 is an excellent illustration of the interplay
between these two types of errors. During time steps 2 to 6, the received signals
are relatively weak and so the error introduced at the Bayesian correction stage
is not severe enough for progressive correction to be useful; in fact the error due
to a large number of Gaussian approximations outweighs the benefit from pro-
gressive correction. This leads to performance degradation with more progressive
corrections during the initial stage of the trajectory. On the other hand, around
time step 12, the target is very close to the transmitter, which results in very strong
signals. The progressive correction is more useful at this stage and the overall
error reduced by using it far outweighs the error introduced by the use of more
Gaussian approximations. We further noted that with less progressive correction,
the Markov Chain had to be restarted many times to obtain a convergent chain,
further confirming the difficulty faced by the filter in the presence of very strong

signals.

For comparison purposes, we implemented the bootstrap particle filter for the
multipath estimation problem. Results are shown in Figure 5.4. Unsurprisingly,
the bootstrap filter, even with 1000 particles was not able to track the target. Al-
though the results show that increasing the number of particles reduces the error
in the bootstrap filter, it appears that a very large number of particles would be
needed to achieve a comparable level of performance against the MCMC particle
filter (with 150 particles). As discussed in Section 2.1.4, the main draw back of
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Figure 5.3: Results of the experiment to assess the effect of the progressive cor-
rection. The diagram shows the RMSE of the filter for: (a) position in meters (b)
velocity in meters per second.

the bootstrap filter is that it does not use the current measurement for drawing the
samples, thus performing very poorly in challenging filtering problems. However,
it should be noted that the computational expense per particle is much lower in the
BF, but this expense reduction does not make up for the much larger sample size
required to get equivalent error performance to that of the MCMC particle filter.

In general, the simulation results suggest that the proposed filter is capable of
tracking the target while exploiting multipath for a challenging scenario, despite
the motion model of the filter not matching the dynamics of the simulated trajec-
tory. We believe that introducing multiple motion models for different manoeu-

vres would enhance the filter performance. This could be easily accomplished
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Figure 5.4: A comparison of the MCMC particle filter against the bootstrap particle

filter. MCMC particle filter was configured with A = 3. The diagram shows the
RMSE of the filters for: (a) position in meters (b) velocity in meters per second.

within the proposed MCMC framework by introducing an additional auxiliary
variable to indicate the motion model used. However, the benefit of using multi-

ple manoeuvring models comes with the cost of extra computation.

5.5 Conclusion

In this chapter, we have presented a statistical filter that exploits multipath for
tracking a target in a multipath rich environment. The filter is based on a real-
istic model of the environment that takes account of uncertainty in the wall lo-
cations. This uncertainty is modelled by assuming that each multipath is phase
shifted by a uniformly distributed random variable. Further, we have assumed
that the wall and target reflectivities are unknown stochastic variables. A conse-
quence of the assumed model is that the underlying filtering problem turned out
to be very challenging. To address this challenging filtering problem, we have pro-
posed an MCMC based particle filter. In the MCMC particle filter, the particles are
extracted from a Markov Chain that has the desired posterior as the stationary dis-
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tribution.The filter presented in this chapter is a testimony to the option of using
MCMC for particle generation when it is difficult to design efficient importance
densities. We have introduced kernel regularisation and progressive correction
to the MCMC particle filter to improve the overall robustness of the tracker. The
progressive correction is particularly beneficial when the filter is operating under
high SNR, which might happen when the target is moving very close to the sensor
or transmitter, or in a region with very strong multipath reflections. We have in-
cluded simulation results involving a challenging setup, which includes the target
taking a turn around a corner. The simulation results support the utility of the
proposed MCMC filter.

Appendices

5.A Expressions for target quantities

For the p'" path between the n" transmitter and the m' receiver, consider the
quantities: &} (X, zk), O m (), 05 1 (X¢), Thow (Xk), and v}, (x¢). For brevity, the
subscripts identifying the specific transmitter, receiver, path, and time are dropped

from the following discussion.

For the path under consideration assume that the location of the transmitter
is (aty, biy) and that of the sensor is (ay, bry). Let the number of reflection points
between the transmitter and target located at (x,y) be S, with the st reflection
point denoted by (ws, ps). The point corresponding to s = 1 is the reflection point
immediately after the transmitter. Similarly, let the number of reflection points

between the target and the sensor be L, with the [th

reflection point located at
(&1, C1). The reflection point immediately before the sensor corresponds to I = 1. It
is convenient to assign (wo, po) = (atx, bix), (§o,Co) = (arx, bry) and (wsi1, P541) =
(Cr+1,Cr+1) = (x,y). Let the sequence of walls hit along the forward path be
denoted by g1, .. ., gs; similarly, let the sequence of walls hit along the return path

be denoted by uy, ..., ur.

Define R and 7; to be the length of the s and I'" path segments in the forward
and return journey of the signal respectively; then,

Rs = \/(ws - w571)2 + (Ps - Psfl)zr (5.44)
r = \/(CI — 1)+ (8 — 41-1)> (5.45)
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The attenuation factor a(x, z) is given by

S+1 L
e[Tos]]e
D((X, Z) - \/Eﬁ, (5.46)

YR )
s=1 =1
where

E is the energy of the transmitted signal,
0s ~ N (; g, 1g,) is a random wall reflectivity factor,
€ ~ N (+; ptu,, Ly, ) is a random wall reflectivity factor,

p ~ N (+; po, 1o) is the reflectivity factor of the target.

The AOA 6(x), at the sensor is given by

6(x) = arctan [Cl_bm} . (5.47)
N1 — Arx
The function 6(x) is the time derivative of (5.47), and the method to calculate it
is given in Chapter 3 and in [Karunaratne 2011] .
The delay for the path is given by

S5+1 L+1
T(x) =1/c ) Re+1/c) 1, (5.48)
s=1 r=1

where c is the speed of light.
The doppler shift v(x) is given by

v(x) = 2”(R5+R+ PLa1) (5.49)

where the dot notation denotes differentiation with respect to time. Here again,
the interested reader is referred to [Karunaratne 2011] or to Chapter 3.
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5.B Full conditional marginal distribution of the phase vec-

tor

The full conditional marginal distribution for ¢, is given by

p(ily*, xe 21, 1) & p(yil 9y Xk z6) (), (5.50)
< p(yk|y Xk, zk), (5.51)
= CN (Yi; h(xx, ¢, z¢), 20°1). (5.52)

Let Ay = Yy — h(xk, Y, zy); then,

P y*, xi, 21, 1) o< exp(— A (20°1) 71 A), (5.53)
1 * *
wexp ( gz [Re(Yih()} ~h()'h()]), (559
where the operator “*” denotes conjugate transpose, and the arguments of the

function h(xy, ¥, zx) have been dropped for brevity. Now, we focus on the terms
Y;h(:) and h(-)*h(-) appearing in the above equation. By using (5.4) and (5.5) we

have
71 Pn m
=) Z Yighn(-) exp(iphm), (5.55)
u=0 n,m p=
and

PYll ﬂll pnz WIZ

Z Z Z Z g”zmz *gzi m1( )exp{]( ”1 my 7’17;7”2)}

u=0 ny,mynz,mz p1=1 pr=1
(5.56)

Let 9, be a vector containing all the phase variables lp,’i,m, forl <n < N and
1 <m < M. Further, for notational simplicity, we relabel the phases as

P = [P1x Yok - Poxl (5.57)

This allows us to express (5.55) and (5.56) in simpler forms:

MD

Yih() = ) wa()" exp(jipui), (5.58)

Il
=

m

Q
h(-)*h Z_ Vi, () exp{j (P k — Y k), (5.59)

||
Il MD
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0O-1 0-1
= 2Re { Z Z Wy, ()@, (+) exp{j (P, k — lpm,k)}}

m1:1 mzzmﬁ-l
9]

+ Y un(Dun(), (5.60)

m=1

where the functions uy,(-) for m < Q) are implicitly defined through (5.55), (5.56)
and the re-labeling of (5.57). Substitution of (5.58) and (5.60) back into (5.54) pro-
duces the following proportionality:

[
PPily" Xk 21, 1) ocexp{ 3 snir 08 (i — ) +
n=1
0O-1 9]

Z Kny,nz COS(I/Jn],k - lpnz,k + 47711,712) }, (5.61)

n=1ny=n1+1

where x4, and ¢y, q, for1 <ny <O —1and ny < ny < O are:

i, ()11 —
2 4
K = PR 5.62
e RILAG un ()l otherwise 02
o2 ’
and
" _ Jarg{u(m)(-)} if n; = ny, (5.63)
nymy — .
v arg{u(nz)*(-)uy, (-)} otherwise.

The distribution given in (5.61) is the GVM distribution introduced in Chapter
4 and in [Karunaratne 2012a].






CHAPTER 6
Multipath radar tracking with
large uncertainty

Summary

e have relaxed some of the common assumptions and have built a filter
W to track a target moving in a partially known multipath environment in
Chapter 5. In this chapter, we formulate the target tracking problem for radar
in a multipath environment where significant uncertainty on the locations of the
multipath causing obstacles (walls) is present. This significant uncertainty arises
from a relaxation of the assumption that the wall locations in the environment are
known, either partially as in Chapter 5 or completely. We propose a statistical
filter and a data association method based on importance sampling to address
these challenges. Recently introduced techniques in statistical signal processing
such as Set JPDAF and progressive correction are incorporated into the proposed
filter. Finally, simulation results are presented to investigate the performance of
the filter under challenging tracking scenarios.

6.1 Introduction

Many interesting approaches have been proposed for the problem of tracking in a
multipath environment where the geometry of the environment is known
[Chakraborty 2010, Chakraborty 2011, Krolik 2006, Hayvaci 2012a, Hayvaci 2012b,
Barbosa 2008, Pulford 1998]. A more detailed review of some of this work is given
in Chapter 5. As a summary, most of these papers consider an environment where
the number of obstacles is limited or configured in a special way, e.g., parallel
walls. Another common feature of most of this work is the use of radar detec-
tions as the measurements for the tracker, but it was shown in [Morelande 2007]
that better performance bounds could be achieved if raw sensor data were used as
measurements for the tracker instead of the radar detections. The work done by

us on a partially known multipath environment using raw measurements instead

109
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of detections to track a target in an urban terrain where walls are not necessar-
ily parallel to each other can be found in [Karunaratne 2012b, Karunaratne 2013].
These were also explained in more detail in Chapters 3 and 5. A natural extension
to these previous work was to investigate the problem of tracking in a multipath
environment where a large uncertainty about the environment prevails. We de-
scribe our work on that objective in this chapter; but first, we briefly review some
relevant literature.

For investigating the problem of tracking in an unknown environment, we
have chosen to use the detection based measurement model rather than the raw
sensor data. This is done to avoid the expense of dealing with a large measure-
ment vector and to make it easier to focus on the difficulties which arise from
gross uncertainties in the environment. The use of detections in a multipath envi-
ronment creates another problem known as data association. Basically, the problem
is about resolving the ambiguity of the origin of each measurement. The data as-
sociation problem has been extensively studied in the past. One of the popular
suboptimal solutions to the data association problem is provided by the Proba-
bilistic Data Association Filter (PDAF) [Bar-Shalom 2009]. The Joint Probabilistic
Data Association Filter (JPDAF) is an extension to the PDAF for cases involving
more than one target [Bar-Shalom 2009]. An application of probabilistic data asso-
ciation techniques for target tracking in clutter is presented in [Kirubarajan 1998],
which focuses on the problem of discrimination of target returns from clutter re-
turns, rather than that of exploiting multipath information. The use of a data
association filter while exploiting multipath is considered in [Chakraborty 2011].
Therein the authors apply a modified Interacting Multiple Model PDAF (IMM-
PDAF) [Houles 1989] to separate clutter while exploiting the information content
in multipath. However, they assume optimal associations for the multipath mea-
surements involving the target (optimal in the sense that the sources of the non-
clutter measurements are assumed to be known). Another example of data
association for a multipath model in “over the horizon radar” is presented in
[Pulford 1998]. In that model, the multipath reflections are caused by two iono-
spheric layers located at known heights; hence, the multipath environment is con-
sidered to be known.

Our task of tracking in an uncertain multipath environment closely resembles
the well established (Simultaneous Localisation and Mapping) SLAM problem ap-
pearing in the domain of robotics and control research. A review of SLAM de-
velopments is found in [Durrant-Whyte 2006, Bailey 2006]. Conceptually, from a
high level perspective, both problems try to estimate the target state as well as

the environment. The difference between the SLAM and tracking in an uncertain
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multipath environment comes from the measurement model used; much of SLAM
uses LiDAR technology where multipath is out of context. For the tracking prob-
lem considered in this paper, the relationship between the measurements and the
environment is more indirect than in conventional SLAM setups. In SLAM one
usually obtains direct position measurements of scatterers which compose the en-
vironment. This creates a direct relationship between the measurements and the
environment. In contrast, in our problem, the environment is observed indirectly
through the measurements which simultaneously contain information about the
target and the environment. This gives rise to a difficult problem in non-linear

estimation and data association.

Some recent work on radar tracking in an unknown multipath environment is
found in [Li 2011]. The problem considered there is to track a moving radio fre-
quency emitter. The authors do not impose any restrictions on the geometry of the
walls. The problem formulation also allows for false alarms and missed detections.
The data associations are performed using the well known Viterbi algorithm. The
associations are chosen to maximise the log-likelihood. Note that evaluation of
the log likelihood function for each possible association requires the knowledge of
the target state, which is not available to us. The authors take a suboptimal ap-
proach of using the predicted state based on the previous measurements and the
previous associations. The disadvantage of this approximation is that, if the pre-
diction covariance is broad, the chances of the true target state being significantly
different from the prediction are high. This has the undesired effect of using an
inaccurate approximation of the cost function. An alternative approach would
be to take the expectation of the likelihood with respect to the prior distribution
[Bar-Shalom 2009], thus eliminating the dependency of the target state on the cost
function.

In this chapter, we present our study on tracking a target in a highly uncer-
tain multipath environment where the radar system (both the transmitter and the
receiver) is not collocated with the target. The brute force calculation of all the
association probabilities is computationally very expensive. In some special cases
efficient methods exist to solve the data association problem involving very large
number of possible hypotheses [Horridge 2006]. It is not immediately obvious to
us how to extend [Horridge 2006] to the problem considered in this chapter. So
we propose an efficient importance sampling procedure to draw samples from as-
sociation events. The posterior moments conditioned on the sampled association
events are also calculated using a Monte Carlo approach. Finally, the state estimate
is obtained by averaging the conditional posteriors over association probabilities.

Special care is needed in fusing the mixture of conditional posterior distributions.



112 Chapter 6. Multipath radar tracking with large uncertainty

This is due to the implicit ordering in a vector representation, which results in
unnecessary confusion between the labels assigned to the walls. We used the Set
JPDAF (SJPDAF) method suggested in [Svensson 2009] to address the issue which
yields more accurate Gaussian approximations. Another approach to address this
problem could be found in [Blom 2011]. Because it is desired to focus on the prob-
lems posed by an unknown environment, we analyse the case where the environ-
ment contained two walls and assume in this work perfect detections with no false
alarms. The methodology developed here can be extended without too much dif-
ficulty to the case of an unknown number of walls along with missed detections
and clutter. This extension is discussed but not implemented

The rest of the chapter is organised as follows. We first introduce the pro-
cess and measurement models used in Section 6.2. In addition, the estimation
problem is formulated in that section. The estimation method is then presented
in Section 6.3. We do so by first setting up a basic filter and improving it grad-
ually by incorporating the concept of progressive correction, SJPDAF algorithm,
and a marginalising procedure using the conditional Gaussian formula. Simula-
tion examples along with a discussion are presented in Section 6.4 followed by
concluding remarks.

Some of the common notation and acronyms used in this chapter are sum-
marised in Table 6.1. Any notation or acronym not appearing in Table 6.1 is defined

at its first occurrence.

Table 6.1: Summary of common notation and Acronyms.

Notation/Acronym Description

xK [X] X5 ...x;) wherek € Z*

1:k 12...k'kez*

Xy [Xo, Xo, -+ . Xoy] (X, is the n'* element of x. Here, the index
vector v consist of N integer indices)

{xV) }]].:1 {xM,x@),...,x} (A set of samples)

Sy Set of all permutations of integers 1 to n where n € Z*

MSE Mean Squared Error

BMSE Bayesian MSE

RMSE Root MSE

MCMC Markov Chain Monte Carlo

PDAF Probabilistic Data Association Filter

JPDAF Joint PDAF

SJPDAF Set JPDAF
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Figure 6.1: An illustration of a K x K surveillance area.

6.2 Modelling and notation

Consider a K x K surveillance area as shown in Figure 6.1. Two walls are located
within this surveillance area. A point target is moving across the surveillance re-
gion and the kinematic state of it at discrete time k is denoted by Tj. Ty consists of
position and velocity information in the Cartesian plane; that is,

Ty = [xk %k vk vx)',

where (xi, yx) € R? is the position of the target and the dot notation denotes dif-
ferentiation with respect to time. Without loss of generality, we consider the origin
(0,0) to be the bottom left most point of the surveillance region. A radar transmit-
ter and a receiver are located at known positions within the surveillance region to

collect measurements for use in localizing the target.

We use a straight line to represent a wall parametrised as follows:

xsina —ycosa + B = 0.

Thus, the i" wall where i € {1,2} is represented by the vector

w; = [a; Bi]. (6.1)
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Let W be defined as:

W = [w] wj]’.

Note that one of the limitations of our representation is that we assume the
wall to exist throughout the intersection between the straight line represented by
the wall parameters and the surveillance area. We believe that the extension to the
general case involving line segments could be developed based on the foundation
laid out in this chapter.

6.2.1 State dynamics

The kinematic state of the target is assumed to transition from time k — 1 to k ac-
cording to the following stochastic model:

Ty = FTj_1 + vy, (6.2)
where
11
F=1,® , 6.3
29| 1] (6.3)
vi ~N(-0,Q), (6.4)

with the symbols ®,1I, and 0 denoting the Kronecker operator, Identity matrix,
and Zero matrix of appropriate dimensions respectively. The notation N (-;, i, X)
denotes a normal distribution with mean u and covariance Z.

The vector of wall parameters (W) is modelled as a vector of static random
parameters. That is, the wall parameters are not time dependent.

W is assumed to be drawn from a prior distribution p,(-). A highly uncertain
prior distribution for W will be described in Section 6.2.4.

The state vector x; at time k consists of both the target dynamics and wall pa-
rameters; that is,

x; = [T W']". (6.5)

6.2.2 Measurements

The measurements at time k consist of range () and Angle of Arrival (AOA) ()
of each multipath and the direct path. We define a multipath as a path from the
transmitter to the radar sensor which has been in contact with the target as well
as at least with one wall. Any path that has hit a wall more than twice is ignored

in the model under the assumption that such paths are subject to severe attenua-
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tion in signal power. We assume that the walls act as specular reflectors and that

necessary processing has been carried out to reject clutter measurements.

The measurement vector at time k for N paths is given by

Vi =[x top -+ gl + Uk (6.6)

=¥k Yo - Ynil" (6.7)
where

1;x = [r;x 0;x] denotes a vector containing (noiseless) range and AOA of the i
path at time k,
u ~ N (-;0,R) is the measurement noise,

yix is the vector containing the range and AOA of the i multipath at time k.

The noise covariance matrix R is

R=Iy®

o2 0
0 2|

We assume that all the possible paths arising from reflections from the two

walls exist at time k.

6.2.3 Path configurations and the measurement association vector

A path can be decomposed into two segments: the forward path from the trans-
mitter to the target and the reverse path from the target to the sensor. Assume
that at most one wall is hit in each segment (because the strength of the reflections
diminishes over multiple reflections, we ignore more than one reflection in each
segment). Thus a path is uniquely identified by two numbers given by the labels
of the walls that were hit in each segment respectively. If a wall is not hit on a par-
ticular segment, then that segment would be identified by “0”. We denote this pair
of non-negative integers identifying a path as a path configuration. As an example
a path configuration of (2,1) is a multipath that has travelled in the following se-
quence; transmitter—wall 2—target—wall 1—sensor. A direct path is identified
by the path configuration (0,0).

Note that for a 2 wall environment, 9 distinct path configurations exist. Let the
9% 2 matrix C denote the collection of all the path configurations, where the i row

C; contains the ordered pair of numbers identifying the ith path configuration; that
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Figure 6.2: Associating measurements with path configurations for e, =
[213957684].

is,

(6.8)

@)

I
NN = = OO N = O
_ O O NNRFRN = O

We name C the path configuration matrix.

By itself the measurement vector y; does not provide information about how
the measurements are associated with path configurations. The association vector
er € So provides the mapping between measurements and path configurations.
Then, the i element of ey, denoted by ¢; x maps the path configuration represented
by the i*" row of C to the eff,’{ measurement at time k. As an illustration we use an
example in Figure 6.2 to further clarify how yy is associated with path configura-
tions e;. Suppose e; = [213 957 6 8 4)'. Then the measurement associations are
shown in Figure 6.2.

Figure 6.2 also illustrates an important difference between conventional data
association problems and the one considered here. Note that information about a
particular wall is contained in more than one measurement. As an example, for
the particular e, used to draw Figure 6.2, the information about the wall labelled
“1” is contained in measurements y; x, Yok, Y7k, Y6,k and y4 k. In contrast, only one
measurement is associated with a single target in conventional data association

problem formulations.
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6.2.4 A highly uncertain prior for the wall parameters

Recall that we used the parametrization xsina — ycosa + f = 0 to represent a
wall. A continuum of line equations could be obtained by varying the slope pa-
rameter & and the intercept parameter 8. We are interested only in lines that pass
through the K x K surveillance area. Suppose we do not assume any knowledge
about the wall location; then, a loose implication is that all the lines which pass
through the surveillance area are equally likely. The joint distribution formed
through the following marginal distribution for « and the conditional distribution
for B|a is a reasonable prior distribution which captures such large uncertainty in
the environment:

p(a) =Up, ), (6.9)
p(Bla) = Urgy(a), (6.10)

where

(6.11)

Ry(a) = {{,B?KSin(lX) < B < Kcos(a)}ifa < 7/2,
' {B; K(cos(x) —sin(a)) < g < 0} Otherwise.

It is easy to see that a uniform distribution in [0, 7r) for the slope parameter «
results in all the line slopes being equally likely. The conditional distribution p(B|«)
is obtained by solving for the range of  values (with « fixed) that represent the
lines passing through the surveillance area, and assigning a uniform distribution
for B over that region.

From equations (6.9) and (6.10), it is possible to work out the mean and covari-
ance of the joint distribution p(«, B). They are given by

bug
Mean («, B) = [ ZK} ) (6.12)
G
and
~ _K
: _ | 12 T
Covariance (x, f) = K Kem 6+ | (6.13)
T 6712
6.2.5 Estimation problem
Let y* = [y] y, ... y})/ denote the vector containing measurements up to time k.

We are interested in estimating the state vector x; upon observing y*.

If the performance of the estimator is measured in terms of the BMSE, then the
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optimal estimator is the posterior mean of x; that is, X, = E(x|y*), where the
operator [E(-) denotes expectation [Kay 1993].

6.3 Theory/Methodology

Consider the posterior distribution of the target state x;. We write this as

k k k
p(xely’) = Y p(xly", ex)p(exly’)- (6.14)
e
The first term in the summand is a conditional posterior of the target state (con-
ditioned on the association vector), while the second term p(e;|y*) is the posterior

distribution of the association vector e;. We now concentrate on the latter; that is,
k.
p(exly"):

p(erly®) o« plyelew, v )p(exly* ™), (6.15)
% P(Ye, k| €k/ Y p (Yes k| Ver ks ks Yo op (Yen ikl Yern 10k €ks vy,
(6.16)
= p(Yerkleri Y )P (Verklero Yo oo Y1) -
P(Ven okl €k Yern 1ok ¥ 1), (6.17)
= 15’11 P(Ye, . k|€Ln ks Yer, 1k vy, (6.18)
e

where N = 9 is the number of path configurations. Equation (6.16) follows from
Bayes theorem applied to p(yi|er, y*~!) along with the assumption that p(ex|y*~1)
= p(ex) is a uniform prior distribution.

Before proceeding further, we simplify the notation by introducing p, (y,, k|
k—l)

y
Pu(Ye,klY 1) = P(Yer ikl @Lnir Yern 1ok Y- (6.19)

Here, we let the conditioning on ey, x and ye, , , « be implicitly implied by the
subscript n of p,,, unless we explicitly include those as conditioning variables. Ad-
ditionally, from this point onwards we drop the notation k in the subscript of e;
in favour of brevity.

Using (6.18) and the shortened notation (6.19), we write p(ex|y*) as follows:

N
p(erly®) o< [T pa(ye, il 1) (6.20)
n=1

The posterior distribution for the target state is now expressed in terms of py, (-)
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by substituting (6.20) into (6.14) to give

N
p(xely®) o« Y TT pOxely*, e) pu(Fe, kv ). (6.21)

er n=1

An optimal implementation of the filter using (6.21) is not possible because
there are too many association hypotheses e, as well as intractable integrals. Pro-

cedures for addressing these issues are given in the following sections.

6.3.1 A basic filter using Monte Carlo approximations

We now consider one of the intractable integrals that prevents us from imple-
menting the optimal filter based on the exact posterior given in (6.21); namely the
pn(Ye, k|y*~!) terms appearing in (6.20). The integral that needs to be evaluated is
given below:

Pn (Yen,k !Ykil) = / Pn (Yen,k |Xk, ykil ) P(xk ‘ €1:n—1,Yey,_1,ks yki1 )dxk- (6'22)

Though a closed form solution is not available for (6.22), we could approximate
it by Monte Carlo using samples from p(xi|e1.4—1,Ve,, &Y< !). Unfortunately,

k—l)

the distribution p(xi|e1.n—1,¥e,, k¥ is also not known in closed form, but

for the sake of argument, assume that we have a reasonable approximation for it
denoted by p(x¢|e1.n—1, Ve, ¥V 1) =1y
be a particle approximation of p(Xi|€1.,—1, Ye,,,_, k) consisting of a finite number of

. In particular, let p(x¢|e1.n—1,¥e,, oY
weighted samples; then,
pu(Ye, kly ) = / Pu(Ye, kX6 ¥ D p(xle1n-1, Yoy, o Y X, (6.23)

1 ¢ () k1
~ o o PrYeil™ Y, (6:24)
m=1

n,m A
where X,({ )~ p(xxle1n—1,Ve,, k¥

The approximate distribution p(Xi|e1.n—1, Ve, k¥

k—l).
¥=1) that was used to draw

samples in (6.24) can be updated to p(x¢|e1.n, Ve, 1, ¥* 1) as shown by (6.25), which
satisfies the recursive dependence required to evaluate p;,+1(-):

M
ﬁ(xk|elzn/ Ye.., . k- ykil) e Z Pn(Ye,,,k‘X]En’m)/ ykil)é(xk - X]((n,m))- (625)
m=1

Two common problems associated with particle based recursive procedures
such as the process described by (6.24) and (6.25) are known as particle degeneracy
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and particle impoverishment [ Arulampalam 2002]. These problems in the context of
particle filtering were discussed in Section 2.1.4. Degeneracy and impoverishment
problems could be counteracted to a certain extent by introducing a simple resam-
pling procedure followed by regularization as described in [Arulampalam 2002,
p- 182]. These procedures in the context of the current filtering problem are briefly

(n,m)

explained as follow. Suppose that the sample x, "’ is assigned a weight of p;, (ye, x|

X]En’m), ykil), form =1,2,...,M. Let Ei, denote the sample covariance of these

weighted samples. Further, let {1, f5, ..., tp be M index variables drawn according

to
Prob(t, = i) o pn(yen,k\xl(("’i),ykfl) form=1,2,..., M. (6.26)
Let )"(,(cn’m) = X,(cn’t'") forallm =1,2,..., M. Both resampling and kernel regularisa-
(n,m)

tion are concurrently achieved by redrawing x; "’ for m = 1,2,..., M according

to:
XI((HIM) ~ N(/ il(:l,m)/ thk,n)l (627)

where & is a smoothing parameter known as the bandwidth [Silverman 1986].
The samples obtained in (6.27) are now used to approximate p(X|e1.4, Ye,, ks
k—l)

y as

M
P(xkl€1m, Yer, b ¥ ) 0 Y 800 — x"™). (6.28)

m=1
Compared to (6.25), the approximation (6.28) is less prone to particle degener-
acy and impoverishment problems.
We use (6.24) in (6.20) to approximate the posterior distribution for the associ-
ation vector by

N M
plely) « [T X pu(Wenilxt™™, v ). (6.29)

n=1m=1

We wish to obtain samples from (6.29). Note that p(ex|y*) is a discrete dis-
tribution, and thus directly sampling from it requires that (6.29) be calculated for
all the possible association hypotheses. This is extremely expensive because of
the enormous number of possible hypotheses. For example, with two walls there
are 9! = 362880 hypotheses. Hence we use the following importance distribution

q(ex|yx) to draw association vector samples:

N M _ o mm) g1
q(ek|yk) _ H ( Zm—l}\fn(yhk‘el.nll en T, X (;,}r’n) >k n > where r € An,
ZveAn Zm:l Pn (YU,k‘elsn—lr €n =0, X A )

n=1

(6.30)
with A, = {1,2,...,N}\{e1,e2,..., €01}
Drawing a sample from g(e;|y*) is a sequential process where one element of
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the association vector is drawn at each step. In contrast, if we were to draw a sam-
ple from p(e;|y*), the posterior association probabilities for all e, € Sg need to
be calculated. This is a good example of the usefulness of importance sampling,
where we are able to greatly reduce the amount of computational expense by ex-

ploring only the significant areas of the sampling distribution.

In the context of importance sampling, the samples obtained from g(ex|y*) are
assigned a weight ¢ given by the ratio of p(ex|y*) to g(ex|y*):

¢ = plely*)/q(exly"), (6.31)

N M ()
x H 2 Z p”(Yr,k|el:n—1/ €n =T1,X; ’ ,yk_l). (632)

n=1reA, m=1

We obtain the posterior distribution for the target state as follows:

pOxely) = [ pOxely', en)pledy)de, (633)
J .
<Y ¢jﬁ(xk|e,§”,y"), (6.34)
j=1

where | is the sample size, and

el ~ q(exly"), (6.35)
- ! M0 () g1
oI X Y pulyerlel) e =rx™, ¥y, (6.36)

n=1reA,; m=1

with A, ; given by

Anj={1,2,..., N\ el el ) (6.37)

It should be noted that the statistics of the target samples obtained during the
process of drawing associations ey (as presented in (6.25)-(6.28)) are used to ap-
proximate ﬁ(xk\e,((] ), y*) by a Gaussian.

The recursive calculation procedure involved in obtaining estimates at time k is
summarised in algorithmic form in Algorithm 6.1, which is included in Appendix
6.B. Once again it should be noted that, prior to processing measurements at time
k +1, we summarise the posterior distribution at time k by a Gaussian distribution

using the sample moments.
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6.3.2 Progressive correction

Recall (6.23) and (6.24), where we considered the probability distribution of the
e;h measurement at time k, conditioned on the first n elements of the association
vector (eq.,) as well as the n — 1 measurements already associated (Yem,l,k) and

the past measurements yk_lz

Pu(Ye x|y ) = / P (Veu kX6 Y1) Pr (Xkl10-1, Yer, o ¥ Xk, (6.38)

1y (nm) k1
~ 31 L Preshs™ Ly, (6.39)
m=

The accuracy of the approximation (6.39) is important because of its direct involve-
ment in the calculation of the sample weight of the associations (see (6.32)). An
alternative way of approximating (6.38) is through the concept of progressive cor-
rection. We introduced the idea of progressive correction in Chapter 5 and used it
in the proposed MCMC particle filter. In Chapter 5, the progressive correction was
performed by partitioning the measurement vector and sequentially performing
the Bayesian correction by considering one partition at a time. Another approach
to progressive correction is to express the likelihood function as a series of products
and performing the Bayesian correction sequentially over each term in the series
as in [Oudjane 2000]. In this chapter we use the latter approach as follows: Let B
real numbers in [0, 1] such that their sum is equal to 1, be denoted by 1,72, ..., 8-
Then we write p, (y., |y*!) as:

pn(yen/k|yk_1) ~ /pn(y€;1,k|xk’ yk_l)p\x(xk|e1”*1’ yel:nfllk’ yk_l)dxk’ (6'40)
B k k
= [ TTPn el Y1 Bl etint, ey, a0yt
b=1
(6.41)
B
- / {H[Pn (Yeu k IXks Yk_l)]”}
b2
IR ~
{[Pn(}’en,kb(k/yk 1)] Pr(xXkle1n—1,Yer, o ¥° 1)}dxk,
(6.42)
B k k
= wl/ [ Tlpn(ye,klxe y O] S Prr(Xel@1n-1, Yer, o ¥V )dXk,
b2

(6.43)
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where

Xk, V] P Xkl @101, Very 10 Y© )X,

w1 = /[Pn(yen,k

(6.44)
k=111 p k-1
A _ 0k 1 Xks Xk |€1:n—1s Yeqy_1,ks
pxll (xk|e15n’ Yemf],k/ yk 1) = pn (ye y )] pxc(dl | n yel 1 y )
(6.45)
The process is easily continued to give, recursively,
k-1 -
Pn (Yen,k y ) ~ Hwb/ (646)
b=1

where

Xk, Y Prp1 (Xe| @101, Ve, o ¥ )dxg, forb=2,3,...,B

@ = [ [Pa(Yeu

(6.47)
with py p(Xe|€1:n—1, Ye,,_, k) related to pyp_1(Xk|€1:0-1, Ye,,_, k) through
. _ [P0 (Yo k%6 Y )] Prcp1 (el @101, Yy, i Y1)
px,b(xk|yel:n—1/k’yk 1) = - : - Wy - e
(6.48)

Note that p, (Xx|€1:1-1, Yer 1k y*~1) is an alternative approximation to (6.25).
The difference between the two approximations is that a sequence of correction

k=1) whereas

steps have been carried out while obtaining P g (Xk|€1.,—1, Ve 1k Y
(6.25) is obtained by a single correction step. Progressive correction is known to
reduce the approximation error in the context of particle filtering [Oudjane 2000],
and is particularly well suited for the specific filtering problem considered in this
chapter because of the challenges arising from the large uncertainty of the envi-
ronment.

The progressive correction procedure in algorithmic form to obtain py (xi|e1.,,
Yer, b Y1) from pu(xelern—1, ey, 0¥ )
cluded in the Appendix 6.B. It should be noted that after each progressive cor-

is listed in Algorithm 6.2, which is in-

rection, the resulting distributions p,;(-), for b = 1,2,..., B, are approximated
as Gaussian distributions using the statistics of the weighted samples obtained at
each step. This step of summarising the distribution using a Gaussian distribu-
tion requires special attention. First, if the underlying distribution is multi-modal,
then a Gaussian approximation to that is not appropriate. Secondly, when certain
elements in the state vector are not directly affected by a measurement (but, indi-

rectly affected through the remaining elements in the state vector), then a Gaussian
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approximation leads to additional loss in accuracy for the indirectly affected ele-
ments. We address these issues in Section 6.3.3 and 6.3.4.

6.3.3 The need for the Set JPDAF

A common problem with data association algorithms such as PDAF, JPDAF, and
Multiple Hypothesis Tracking (MHT) filter [Blackman 2004] is the requirement of
these algorithms to retain the label assigned to each target throughout the trajec-
tory. This is a consequence of the implicit labelling when parameter vectors are
concatenated into a vector. However, in some instances preserving the identity
of the targets is not required. As an example in our situation, it is not important
to preserve the identity of the two walls. In other words, we are not concerned
about which label we assign to the walls (1 or 2) as long as we can estimate both
wall parameters with reasonable accuracy. As an illustration, consider two pos-
sible associations for the first measurement y; ; given by e¢gx = 1 and eg; = 1.
The association given by esx = 1 corresponds to the path configuration (1,2) and
thus maps the measurement y;  to a path that hits the wall identified by label “1”
during the forward path and the wall with the label “2” during the return path re-
spectively. On the other hand, eq = 1 corresponds to the path configuration (2,1)
and thus hits the walls labelled “2” and “1” on the forward path and reverse path
respectively. However, the interesting thing to note is that e;x = 1 represents the
same association as eg; = 1 if the labels attached to the walls are switched under
any one of those hypotheses. Extending the example further, the association vector

(1) (2)

samples e, ' and e, given below represent the same measurement association, if

the labels assigned to the walls are switched under any one of those hypothesis:

el) —=294351687, (6.49)
e —[249537861]. (6.50)

The consequences of this effect on the estimates are significant, as we explain next.

Consider the posterior estimates of just the slope parameters of the two walls
(that is, @1 and &p). Assume that the true slope parameters are given by 71/4 and
—7t/6. Recall from (6.34) that we approximated the posterior of a; and a; by a
Monte Carlo approach:

J

pla, aalye) & Y Gipar, azlel”, y5). (6.51)
i=1

For the purpose of demonstration we restrict the number of e, samples to just
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the 2 samples explicitly given by (6.49) and (6.50). Further, assume that the two
hypotheses are equally weighted; that is, ¢1 = ¢, o .5. Finally assume that the
conditional posteriors are given by the following two equations:

h D oy a7 ] oo 6.52

p(“lr“Z’ek 'y ) (/ [_049 s Y. 2 ( . )
—0.55

ﬁ(“1,a2|ez(<2)zyk) =N ('; [ 08 ] ,0-0112> (6.53)

The contour plot for the posterior obtained by substituting (6.52) and (6.53)
into (6.51) is shown in Figure 6.3(a). It is evident that the posterior is bimodal.
Therefore, the posterior mean, given by [0.095 0.155)’, is quite distant from the true
value and a Gaussian, as used in JPDAF, is a poor approximation to the posterior.
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Figure 6.3: Contour plot of p(a1,a2|yg): (a) before label switching (b) after label
switching.
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Suppose now, we exchange the wall labels under the data association hypoth-

esis e}({z)‘ Then the conditional posteriors are approximated by:

0.74
pay, aalel), y¥) = N ( [ ; 49] ,0.0112> (6.54)

0.8
par, azlel”, y*) = N ( [ 55] ,0.0112> (6.55)

The contour plot for the posterior distribution after label switching is given
in Figure 6.3(b). Note that the posterior approximation after label switching re-
sembles a bivariate Gaussian distribution and the posterior mean [0.77 — 0.52]" is
much closer to the true parameters. Of course we could have alternatively ex-
changed the labels under e,(cl) instead of e,(cz) and obtained [—0.52 0.77]" as the
posterior mean. The mean of [—0.52 0.77]" would be a poor estimate if we are
concerned about the MSE. However, if we are concerned only about knowing the
wall positions and not so much about the identity of the walls, either estimate of
[0.77 —0.52]" or [-0.52 0.77]' is equally preferable to the estimate obtained without
the label exchange.

The above example illustrates one of the drawbacks of the traditional proba-
bilistic data association algorithms, when preserving the identities of the targets
is not essential. The posterior approximation obtained without label exchange is
analogous to the approach taken by traditional probabilistic data association algo-
rithms. In conventional JPDAF algorithm, the main objective is to minimize the
RMSE, and as such the first approach (without label switching) is better on av-
erage than the alternative. However, a more suitable measure of performance for
multi-object probabilistic data association algorithms where target identity
retention is not important is known as Optimal Sub Pattern Assignment (OPSA)
[Schuhmacher 2008b, Schuhmacher 2008a]. A modification to the traditional JPDAF
algorithm with the emphasis on reducing the Mean OPSA (MOPSA) is known as
SJPDAF and proposed in [Svensson 2009]. The SJPDAF does permit as well as pro-
mote label switching to obtain a posterior that resembles a multivariate Gaussian

distribution.

We incorporate the SJPDAF algorithm into our filter design for the reasons pre-
sented above. A complete account of the SJPDAF algorithm is beyond the scope of
this thesis. However, the intuition behind the SJPDAF algorithm is as follows. The
SJPDAF algorithm describes the multi-object state (in our problem, multi-objects
are the two walls) as a Random Finite Set (RFS). The RFS representation provides

a framework for formulating problems related to unlabelled multiple object state
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estimation [Mahler 2007]. The SJPDAF algorithm exploits the fact that there are
many labelled densities that give rise to the same RFS density. A set of labelled
densities that gives rise to the same RFS density is said to belong to the same RFS
family. Svensson et al prove in [Svensson 2009] that any member of the same RFS
family when updated with the same likelihood function results in labelled den-
sities that belong to the same (updated) RFS family. Thus, any member density
of the same RFS family can be used in place of another, which allows replacing
labelled densities with a different one in exchange of computational convenience
or a gain in estimation performance. In the context of the example used here, the
densities before and after label switching (that is, (6.53) and (6.55)) belong to the
same RFS and either one could be used in place of the other. The SJPDAF algo-
rithm switches between the label switched densities and (ideally) uses the ones
that result in a posterior distribution close to a multivariate Gaussian.

In Algorithm 6.3 (which is included in the Appendix 6.B), we have listed the
SJPDAF in algorithmic form to obtain the posterior distribution parameters when
provided with the association vector samples e,((j ), association probability ¢;, and
parameters of the conditional distribution ﬁ(xk|el(<j ), y ) forj=1,...,].

6.3.4 Marginalising using conditional Gaussian formula

Observation of (6.34) makes it clear that a good approximation for the conditional
posterior p(x|ex, y¥) is desired since it is directly related to the posterior approx-
imation of p(x¢|y*). Note that in the preceding discussions p(xx|ex, y*) was ob-
tained sequentially, where we considered one association at a time. In other words,
as explained through the equations (6.20)-(6.25), the approximation to p(xx|ex, y*)
is obtained through a process where N intermediate densities p(x¢|e1, ye, r, Y1),

p(Xk|€e12, Ve, ks ykil), oo P(Xk|@1:NS Yern ko ykil) were encountered. Thus to obtain
the n'" intermediate density, the measurement Ye, .k is used to update the prior
pxelern—1, Ve, oY)

namely progressive correction, that could be applied to reduce the approximation
k—1 )

. In Section 6.3.2 we discussed a particular technique,
error when updating p(xx|e1:n—1, Ve, 1k ¥ to arrive at p(xi|e1n, Ye,, ks y ).
Now we present yet another improvement that is used to obtain even better ap-
proximations.

Note that the update process is happening under the condition that the new
measurement y,, i is associated with the path configuration corresponding to the

nth

row of the path configuration matrix C. Apart from the path configurations
(1,2) and (2,1) all other path configurations are tied to at most one wall. As an

example path configurations (1,0) or (2,2) are tied to walls labelled 1 and 2 respec-
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tively, whereas the direct path (0,0) is not tied to any wall at all. Thus, the likeli-
hood function p(y,, k|xk, ex) only depends on a subset of elements of the state vec-
tor, namely the kinematic state T; and the elements related to the walls that are tied
to the path configuration represented by C,,. Conversely, wall parameters that are
not linked to C,, do not affect the likelihood function under consideration. We par-
tition the state vector into two components Q5 ; and ), ;, where Q) ; corresponds
to the elements of x; that influence the likelihood function and Q; ; to house to the
rest of the elements of x,. So far the approach has been to use particle filtering on

k—l)

the entire state vector x; to approximate p(Xi|€1., Ve, kY- ). A better approach

would be to use particle filtering only on Q to obtain p(Qk|e1n, Ve, 1 ¥ 1)

¥=1). The motiva-

and then use an analytical method to obtain p(Qyk|€1.n, Ve, k¥
tion behind this approach is that it is desirable to use analytical methods whenever
possible as it yields a lower variance approximation. This is also the concept un-
derlying marginalised particle filter [Cappé 2007, Schon 2005]. Next, we explain

how marginalising could be applied using the conditional Gaussian formula.

Without loss of generality consider the generic problem of approximating p(4,
O, ]y) where p(y|Q1, Q2) = p(y|Q1). In other words, the likelihood function does
not depend on ;. Suppose we wish to approximate p(2;, ()|y) as a multivariate

Gaussian as shown in (6.56).

Q| |O] [Dip D
PO, Daly) = N (| G| TV ) (6.56)
M| Q2] |D21 Dop
Assume that the prior p(Q1, ()2) is given by the following with all the param-

eters known:

(0, ) = N ([gj ;

‘?1] ) []?1'1 ]?1'2] ) . (6.57)
Q] [D21 Dop

In Section 6.3.2 we described a Monte Carlo procedure for approximating the
moments in (6.56). Using this procedure to approximate all moments in (6.56)
introduces unnecessary variance. Since the measurements depend only on 21, we
can instead apply the procedure of Section 6.3.2 to find approximations of €}; and
D;; only. The remaining posterior moments can be found using the conditional

Gaussian theorem [Zhang 2005, p. 186]:
Yig Xipf ).
"1 Eopl| )’

Theorem 6.1. If

p(x1,x2) = N ( [yl
Hy
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then,
p(x1]x2) = N (',’,ul + 21,222*,21 (x2 — 1), Z11 — 21,225,%22,1> .

Proof. See Appendix 6.A. O

We now show how ﬂz can be analytically obtained using Q4 ]31,1, and Theo-

rem 6.1:

0, = / Qup(Qs]y)d,, (6.58)
- / / Qap(aly, Q) p(|y)ddQy, (6.59)
-/ [ [ Q2p(©2]01)d0, | p(uly)aoy, (6.60)

= / [/ N (Q; Q) + A(Q) — ), D0 — AD12)dOs | N (Q4; 04, D1 1)dQy,

6.61)
- / [+ A(Q — O)] N (Q; O, Dy 1)d 0, (6.62)
=M +AO - O), (6.63)

where
A =D,,D;.

Equation (6.59) follows from Chapman-Kolmogorov formula, while equation
(6.60) follows from the use of Fubini’s theorem to switch the order of integration
along with the fact that 3, and y are independent of each other when conditioned
on (). Equation (6.61) follows from the application of Theorem 6.1. Finally (6.62)
and (6.63) are obtained by noting that the solutions of the integration operations
in question are the means of the respective normal distributions.

Use of a similar procedure makes it straightforward to obtain the expressions
for the remaining three parameters of the distribution (6.56). They are

Dy, =Dyy — ADy, + ADy A, (6.64)
D,; = ADy, (6.65)
D, =Dj;. (6.66)

Algorithm 6.4, which is included in the Appendix 6.B, illustrates how all the
improvements (SJPDAF, progressive correction, and marginalising) are integrated

into a single filter.
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6.3.5 Handling a mix of circular and linear variables in the state vector

Note that the state variable is a mixture of linear and circular parameters where
the circularity is contributed by the slope parameters of the walls. Thus, whenever
a parameter like sample mean is calculated special attention is required for the
circular components of the variable. As an example for the case of calculating the
sample mean of the state vector, the directional statistics [Mardia 1972] are used to
obtain the sample means of the circular variables due to the reasons highlighted
in Appendix 4.A. Additionally when a difference between two slope variables is
calculated (one example of this occurring is while calculating the likelihood func-

tion which involves subtracting a circular quantity from the AOA measurement)
we use modulo 27t operation to preserve the circularity.

6.4 Results and discussion
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Figure 6.4: Multipath environment.

Consider the simulation setup depicted in Figure 6.4. The size of the area is set

by letting K = 200. The two walls are represented by the parameters («, ) given
by [71/4 150 cos(7t/4)]" and [57t/8 250 cos(37/4)]’ respectively. The coordinates

of the radar transmitter and receiver are (100,120) and (90,90) respectively. The
initial prior for the target kinematic state Ty is a multivariate normal with mean

[60 0 50 5]’ and the covariance matrix is diagonal with the diagonal elements given
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by [9 19 1]'. The covariance matrix Q for the process noise is

(AT)*>  (AT)?

® ( A?>T)2 2, (6.67)

0 Ko
AT
2

Q= ["1

where k1 = xp = 0.5 and the state sampling interval AT is set as 1. Measurement
noise parameters are set by 0> = 1 and 0y = 71/90.

We tested the filter against two separate prior distributions for the wall param-
eters. The first is a normal approximation to the prior that was derived in Section
6.2.4. Let this prior be denoted by py,1(-). The second prior py2(-) is less uncertain
about the environment compared to p, 1(-), but still enforces relatively large un-
certainty on the environment. The two prior distributions p,,1 and py» are given
by the following formulae:

Pw,1 (Wl, WZ) = N( B Cun )/ (6.68)
pa]72<w1/ WZ) = N(/ B Cw,2>/ (6.69)

where

1 /2
— X ,
P 1] [—200/71]

1 0 n2/12 —200/ 7

Cuop = ® 2(n. 2 2
01 —200/7t 200°(27t* — 6+ 71)/(67T%)
[ 7(1/4+27/180)

150 cos(7t/4) — 35
7(5/8 — 21/180)
250 cos(37r/4) +40

1 0 (307r/180)2 0
Cup = ® .
“2 = o 1] [ 0 702

:uw,Z =

To put the level of uncertainty assumed by the prior distributions in some con-
text, note that for py,1, the standard deviation (of the marginal distributions) for
the intercept (B) is approximately 106.8 and for the angle parameter («) is approxi-
mately 52 degrees. The corresponding numbers for py,2 are 70 and 30 respectively.

In the previous section, we discussed three techniques as improvements to
the basic algorithm outlined in Algorithm 6.1, namely “progressive correction”,
“SJPDAF”, and “marginalising using conditional Gaussian formula”. First, we ex-

plore the contribution of each of these methods on the overall performance. Figure
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6.5 shows the effect of the number of correction steps on the filter performance. For
this simulation py»(-) was used with M = 1000 target samples drawn at each pro-
gressive correction step. The number | of association samples drawn is fixed at
300 for all the simulations appearing in this section. Further, all the simulation
results that follow are produced by Monte Carlo using 150 realisations of each ex-

periment.

—— 6 progressive corrections
9 progressive corrections
12 progressive corrections

-= 15 progressive corrections
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Sample RMSE for target position

n
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o

12 progressive corrections

—+ 6 progressive corrections
9 progressive corrections
-= 15 progressive corrections
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Sample RMSE for target velocity

o
o

Figure 6.5: Simulating the effect of progressive correction by varying the number
of correction steps. In (a) position RMSE in meters is plotted against time while in
(b) velocity RMSE in meters per second is plotted against time.

It is evident from Figure 6.5 that the progressive correction plays an important
role on the filter performance. With fewer corrections such as 6 and 9, the filter lost
track, but 12 correction steps were sufficient to produce good results. Progressive
correction was particularly important in our filtering problem because of the large
uncertainty introduced by the prior.

Figure 6.6 shows the results of a similar experiment, but this time the objec-

tive was to investigate the utility of marginalising using the conditional Gaussian
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formula. Again the prior used here is p,> and for both curves 12 progressive
corrections with M = 1000 samples were used. The results clearly show the effec-

Without cond. Gauss
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Sample RMSE for target position

254 Without cond. Gauss
-=- With cond. Gauss

o
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o

' '
15 20

o
-
=)

Figure 6.6: Simulating the utility of marginalising using the conditional Gaussian
formula. In (a) position RMSE in meters is plotted against time while in (b) velocity
RMSE in meters per second is plotted against time.

tiveness of marginalising. To achieve the same level of performance as the black
curve whilst not marginalising, we would have had to set the sample size M to a
much higher value at a cost of computational expense.

The more uncertain prior p,, 1 was used to assess the contribution of the SJPDAF
algorithm and the result is illustrated in Figure 6.7. Twelve progressive corrections
were used for this experiment along with M set to 3000. The algorithm lost track
when the SJPDAF was not used, which is not unexpected due to the reasoning
discussed in Section 6.3.3.

Since the main objective of the work presented in this chapter was to provide a
filtering solution to a largely uncertain multipath environment, it follows naturally

to study the effect of the level of prior uncertainty on the filter performance. The
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Figure 6.7: Simulating the utility of SJPDA algorithm. In (a) position RMSE in
meters is plotted against time while in (b) velocity RMSE in meters per second is
plotted against time.

filter was run against various uncertainty levels ranging from a deterministic en-
vironment (that is, where the wall parameters are assumed to be exactly known)
through to py,1 and pyp. The results are shown in Figure 6.8. By observing the
three curves in Figure 6.8 which had used M = 1000 samples we conclude that the
results confirm the intuition that larger uncertainty makes the tracking problem
harder. In fact with M = 1000 for py,; the filter loses the track. However increas-
ing the sample size to M = 3000 produces good results for the prior even with the
largest uncertainty.

Note that the mean of the slope parameter under p,,; is 71/2 and therefore the
maximum divergence from this parameter occurs when the slope is 0 (that is, when
the wall is horizontal). With the intention of assessing the filter performance with
a maximum divergence from the mean slope parameter, we changed one of the

walls to have the parameters [0 35| and ran the simulation against prior p,,1 with
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Figure 6.8: Assessing the effect of uncertainty on the filter performance. In (a)
position RMSE in meters is plotted against time while in (b) velocity RMSE in
meters per second is plotted against time.

12 progressive corrections and M set to 3000. The new multipath environment and
the filter performance are shown in Figures 6.9 and 6.10 respectively. The results
suggest that the algorithm was able to track the target under this challenging setup.

We observed while drawing association samples e,Ej ) for j = 12,...,] that
some associations are commoner than others, which is not unusual. We were able
to exploit this fact to significantly improve the execution time by storing the result
of probability calculations (6.39) and reusing them when needed.

The overall simulation results suggest that the proposed algorithm was able to
track a target in a highly uncertain multipath environment. Each of the methods
“progressive correction”, “SJPDAF” and “marginalising using conditional Gaus-
sian formula” contributed significantly to the success of the overall method while
omitting any one of those led to severe performance degradation and even track

loss for the simulations carried out.
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Figure 6.9: Multipath environment with a horizontal wall.

Though we have considered only a two wall setup and a clutter free model, the
framework can be extended to include clutter and multiple unknown number of
walls. The computational expense of the exact solution (6.21) increases exponen-
tially with the number of clutter measurements and walls. The importance sam-
pling based approach we proposed would not be subject to this increase as, for
a fixed sample size ], its expense depends polynomially on the number of walls
and clutter measurements. However, an increased sample size may be required to

achieve good performance. The challenge, when the number of walls is unknown,
can be handled within the same framework proposed in this chapter by introduc-
ing multiple target tracking techniques such as [Garcia-Fernandez 2011].

6.5 Conclusion

In this chapter, we have formulated a challenging problem of tracking a target in
a highly uncertain multipath environment. We took a Bayesian approach in de-
riving a filtering solution to the problem. An importance sampling based filter
was proposed to solve the tracking problem. Additionally, we proposed an impor-
tance sampling based method to avoid the typical exhaustive calculation involv-
ing a summation over the potentially large number of possible data association
hypotheses. This method can be applied to general data association problems.
The proposed filter incorporated recent techniques such as Set JPDAF algorithm

and progressive correction. We included simulation results to illustrate the per-
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Figure 6.10: Simulating the filter with a horizontal wall. In (a) position RMSE in
meters is plotted against time while in (b) velocity RMSE in meters per second is
plotted against time.

formance of the proposed filter. Though we have assumed a clutter free model
with two walls the framework presented can be extended to incorporate clutter
and multiple unknown walls whilst staying within the vicinity of the proposed

solution.

Appendices

6.A Proof of Theorem 1
Proof. Define a random variable as follows:

-1
X1 — 21,222/2 X2

I —21,225,21
0 I

xl] . (6.70)

X2

X2
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Note that the distribution of the random vector in (6.70) is a multivariate nor-

mal with mean

[I —Z1255,5 [F‘l] _ [ﬂl—zl,zzzéﬂzl 6.71)
0 I Hr M2
and covariance matrix
I —Z1555 | |11 Zio I/ 0 _ L1 —L1pZL5581 O
0 I To1 o —():;5) T, 1 0 Yool
(6.72)

The above form implies that the marginal distribution of x; — XX, %xz is
multivariate normal with mean p; — RIS 21 M, and covariance Xq; — RIS ; o1,
which would lead to the desired result:

pxilx2) =N (1}11 + 21,222_,21 (x2 —py), Z1q — 21,222_,%22,1> .
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6.B Algorithms

Algorithm 6.1: A basic state estimation algorithm for the multipath filtering

problem

[y

10

11

12

13

14

15

16

17

18

19

Input: gy ;. 1, Egx—1, Yk
forj=1to ] do
Set A;; ={1,2,...,N}.
Draw M samples x,(cl’l), x,El’z), o, x](cl’M) from /\/’(-;yk|k71, Ej_1)-
forn =1to N do
Let the " element in An,]- be denoted by a,,; where
te{1,2,...,N—n+1}.
fort =1to N—n+1do
| Caleulate g, = X pu(y, et el = anex(™, y* ).
Draw an index t with Prob(t = ) e« ¢, ;.
Set e,(lj) = aj;.
Set A1 = A\ el ).

/* Draw new samples from the updated conditional posterior

+ resample + regularize */
Let ,ulgji and E,E]L be the sample mean and covariance of the weighted
particles denoted by the sample-weight pairs {x]({”’m), Tlfn’m) M
where, 7" = pu(y o lel), x("", y*1).

form =1to M do
Draw an index [, with Prob(l,, = 1) Tk("'ﬁl)
Draw ngn+1'm) ~N(; X;E”'lm), th]({]I)q) where /1 is the bandwidth

parameter.

Set N G U
CSet =TT Ty e
Set ¢; = i/ ij-zl pjforalli=1,2,...,].
Set pryy = Zjlzl 4’]'141(({1)\1'
Set By = Xy 7B\ + Ty 01 (X — ) (i h — 1)
Output: Prr Egjx.
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Algorithm 6.2: Progressive correction algorithm
Input: ), Eo, 11,6, ye,
/* The index n defines the path configuration considered in the

current context (that is, the n" row of C). */
th

/* e, is the n'" element of the association vector. */
/* Ye, is the measurement associated with the path configuration
given by C, (n'" row of C). */

1 Draw igm) ~N(;puy Eo) form=1,2,...,M.

2 Choose B exponents 1,72, ..., s to be used in the progressive correction
such that0 < v, <1 andzl}f:l'yb =1forb=1,2,...,B.

3 forb=1to Bdo

4 form =1;to M do

5 t Let 1, = [p(yen\en,iém))]%.

_ 1vB
6 Letwy, = 5301 Tom-

/* Resample and generate the next set of samples x/
7 Let E be the sample covariance of f(ém) with weight T, ,,, for
m=1,2,..., M.

form =1to M do
L Draw an index I, with Prob(l,, = 1) & T 5.

10 Draw il(:f)l ~ N (5 7‘1(71 ") h2E) where h is the bandwidth parameter.

11 Set normalising constant ¢ = [T2_; wy,.

M

1, Tespectively.

12 Set u, E to be the sample mean and covariance of {i%@l}
Output: 1, E, and ¢.
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Algorithm 6.3: Set JPDAF adapted to the multipath filtering problem
Input {‘u(]), E(]), q)], e(]) }]]:1

1 Let R be the number of unique data association vectors among {e(/) }]I:].

2 Let h, be the 7' association hypothesis, for r = 1,2,..., R.

3 Calculate all R association probabilities where for the " hypothesis h, the
probability is given by:

Prob(h,) = Zq;]- where the summation is over j such that el) = h,.
j

4 Set fi,, E, to be the mean and covariance under hypothesis h; (for
r=1,...,R); thatis, the mixture mean and covariance of all the mixture
components given by mean u#) and covariance EV) for all j such that

() =h
e ,-

5 Define W', to be the vector of parameters (x and 8 parameters) of the wall
labelled I (I € {1,2}) extracted from f,.

while not converged do

For ! = 1,2, calculate w' = Zle Prob(h,)w..

Draw a hypothesis t randomly with Pr(t = ) = Prob(hy).

Calculate:

« = 2Prob(hy) {(w1 — W?)' (W} — W?) + Prob(hy)||w! — w$||2} .

10 if 0 < <y then

/* Swap the labels */
11 Appropriately swap the elements related to wall labels 1 and 2 in the
mean vector fi, and covariance matrix E;.

12 Sety = YR | Pr(h,)j,.

13 Set E = Y8 Pr(h,)E, + =% Pr(h,) (1, — ) (j1, — ).
Output: u, E.
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Chapter 6. Multipath radar tracking with large uncertainty

Algorithm 6.4: Improved recursive state estimation algorithm

[y

10

11

12

13

14

15

16

17

18

19

20

Input: g1, Ege—1, Y&
forj=1to ] do
Set ./41,]‘ = {1,2,. . .,N}
(j) _
Set F’k],p = Prlk—1
Set El(cj,()) = Ek|k*1
forn =1to Ndo
Let the " element in An,]- be denoted by a,,; where
te{1,2,...,N—n+1}.
fort=1to N—n+1do

- Let [py , 1 Bk i) Pt = return values of the progressive
correction algorithm with input arguments

() ()
[‘uk,l’l—l’ Ek,n—l’ n, a”/t’ yun,t;k]'
- Group the state variable in to two components, €)1 and ), such
that the likelihood function

P(Yan k| O, Qo en = ant) = p(Ya, k| Q1 en = ang).
- From g, ; and Ey ,, ; extract the sub-blocks corresponding to €);.

- Use the marginalising method explained in 6.3.4 on the
extracted sub-blocks from the above step to replace the sub blocks
of py , ; and Ey ;, ; relating to ;.

Draw an index t with Prob(t = ) o ¢,, .
Set e,(j) = dpt.

Set Ay 1, = An\{el}.

Set 'u](({})’l = ”k,n,t‘

| SetEJ) = Ey.
Set e,(f) = [egj) eéj) e%)]’
LSt =TT Xy s

Set ¢; = ¢;/ ij'zl pjforalli=1,2,...,]
Set [y, Ex ] to be the output of the SJPDAF algorithm with input

parameters {y,((];\], E,E];\], P, e;((j) }]]-:1-
Output: ”k\k’ Ek|k'




CHAPTER 7

Conclusion

his thesis has focused on the study of exploiting multipath reflections in radar
T to track the state of a moving target. These research efforts contribute to
the current paradigm shift occurring in the radar statistical signal processing re-
search community, where the long perceived view of multipath as a nuisance is
challenged.

We have placed heavy emphasis on modelling the uncertain environment. Thus,
naturally we were led to embrace the Bayesian framework for inference where un-
known parameters are treated as random quantities.

In Chapter 3 we have presented a model for tracking a moving target in a par-
tially known multipath radar environment. Within the same chapter, the perfor-
mance bounds for tracking a moving target using multipath were derived. The
model formulation permits an arbitrary number of multipath causing walls with-
out imposing any restriction on their relative placement. The term partially known
means that the locations of the walls are known only up to the accuracy of several
wavelengths. This assumption is realistic and captures the mild errors present in
the map used to assess the environment. We modelled this uncertainty in the en-
vironment by introducing a uniformly distributed random phase shift to the radar
measurement equation. We further relaxed the assumption that the reflectivity
factors of the walls are known and treated them as random parameters. However,
these assumptions, which are valid in a practical setting, presented a challenging
estimation problem. We proposed a Markov Chain Monte Carlo based particle fil-
tering method in Chapter 5 to track a target under these assumptions. In Chapter
6 we further increased the uncertainty imposed in a multipath environment; as an
example consider a situation arising when a map of the environment is not avail-
able. The resulting data association problem and the tracking problem yet again
turned out to be very challenging. We proposed an importance sampling based
method to solve these problems. In Chapter 4 we presented a generalisation of a
multivariate von-Mises distribution that was developed while trying to solve the
partially known multipath environment problem. This generalisation can be used
to conveniently solve inference problems that might arise in real world applica-

tions involving multiple circular varialbles.
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144 Chapter 7. Conclusion

We believe that the outcome of this thesis will contribute to accelerate the
widespread adaptation of multipath reflections in modern radar based tracking.
It is our sincere hope that some of the methods proposed in this thesis could be
adapted to solve general signal processing problems.

7.1 Future Work

e We believe that the resource allocation in multipath radar raises important
research questions. The optimal design of radar waveforms and scheduling
in multipath tracking is a topic that should be pursued in the future. Addi-
tionally the scheduling problem extends in space dimension as well; that is
answering questions such as “where should the transmitters and receivers

be placed to improve tracking?”.

e In the work presented in Chapter 6, the analysis was restricted to the situ-
ation where only two walls exist in the environment. We assumed perfect
radar detections and did not consider the possibility of clutter. Further, the
walls were represented by continuous lines rather than by line segments.

More work is required to relax these assumptions.

e We saw in Chapter 5 that Bayesian progressive correction could either en-
hance or detract the filter performance depending on the signal-to-noise ra-
tio. A method to adaptively apply progressive correction based on the signal
strength is desirable.

e In statistical procedures model checking is an important step. Thus, after ex-
tending the proposed methods from 2-dimensional geometry to 3-dimensional
geometry, it would be worthwhile to assess the proposed models against real
data. Since our model assumptions are based on substantive reasoning, we
believe that the proposed models and methods fall to the latter category in
the famous quote by G.E. Box: “All models are wrong; some models are use-
ful”.
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