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Abstract

This thesis is about computer vision: the design of algorithms to interpret
images and video sequences in an “intelligent” way. A fundamental problem
in this field is object localisation, in which the objective is to answer questions
such as “where is the car/hand/head in this image?”. A related problem is
to track the object of interest throughout a video sequence, determining its
configuration in every frame.

The thesis comprises two fundamental contributions towards solving these
problems. The first is a coherent set of models which can be used to infer the
location and configuration of objects based on simple properties (essentially
their shape and colour), both in static images and as the objects move in video
streams. These models, termed contour likelihoods, lead to statistical quantities
such as likelihood ratios which can be easily interpreted. Refinements and
extensions of the basic contour likelihood approach lead to models which are
valid for partially occluded objects (the Markov likelihood), and to likelihoods
which can be used for tracking more than one object simultaneously; the latter
is an example of a “probabilistic exclusion principle”.

The second contribution is to the theory of particle filters, and their use in
computer vision applications. The theory and basic results on particle filters
are collected and proved in a new, self-contained formulation based on particle
sets. The exposition is rigorous yet accessible to the computer vision commu-
nity, and methods of assessing the efficacy of particle filters are also introduced.
Finally, a new technique called partitioned sampling is described. Partitioned
sampling dramatically improves the performance of an important class of par-
ticle filters, and thereby provides a solution to certain tracking problems that
were previously unassailable by particle filtering methods.

A unifying theme of the thesis is the use of statistics and probability: these
underpin the algorithms and can be used to interpret the results. In particular,
the methods of localisation and tracking produce as output a probability dis-
tribution, which can be interpreted as the computer’s “belief” about the state
of the world.
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Notation

finite-dimensional shape space in which contour may deform, as-

X sumed to be compact
x contour configuration, € X
N draw randomly from a distribution, independently of other draws
from this distribution
P(X) set of all probability measures on X
P(P(X)) set of all probability measures on P(X)
Dyq, - - elements of P(X)
p.q corresponding elements of P(P(X)), e.g. p assigns mass 1 to p
T and 0 to all other distributions
G(zlv) model error distribution
N non-detection probability: probability of detecting i features on a
ij line with intersection number j
background distribution: probability of detecting n features on a
b(n), b (n) ¥ " ! ¥

measurement line of length L lying in background clutter

intersection number of the ¢th measurement line with configura-
tion x

intersection innovations of the ith measurement line with config-
uration x

probability density function for generative model on single mea-
Pe(n;2),pe(n; z|lv)  surement line with intersection number ¢ and intersection innova-
tion v.



Introduction and background

Two of the important problems in computer vision are
e to locate, and determine the configuration of, a known object in a static image

e to locate, and determine the configuration of, a (moving, deforming) known object in
each frame of a video sequence

The word “object” here could refer to a given physical object (the coffee mug in front of me),
or to any element of a class of objects (apples, or cars). No general algorithm for solving
these problems by computer is known. Indeed, some would claim that no such algorithm
exists. To satisfactorily solve these problems, the “known object” must be defined, and in
at least some cases this requires the computer to understand a general notion (e.g. “cars”)
involving language. This in turn leads to a whole host of problems associated with language
and consciousness which have been studied by philosophers, computer scientists and others
working in artificial intelligence (e.g. Boden, 1990). Those who do not believe the human
brain is equivalent to a Turing machine can plausibly appeal to our non-Turing-ness for an
explanation as to why humans can solve the problems above with such apparent ease while
computers perform so poorly. The rest of us must wait, think, and try to come up with
better algorithms.

This thesis comprises a contribution to the waiting and thinking, while acknowledging
that much more must be done before our computer vision algorithms can fit into the lay-
man’s idea of the phrase “artificial intelligence”. A particular emphasis of the approach
in this thesis is that statistics and probability underpin the algorithms and can be used
to interpret the results. Each of the methods of localisation and tracking described later
produces as output a probability distribution, which can be interpreted as the computer’s
“belief” about the state of the world.

To summarise: we would like to use a computer to make inferences about the configura-
tions of objects in images and video sequences. There are two fundamental contributions to
this objective in the thesis. The first is a coherent set of models which can be used to infer
the location and configuration of objects based on simple properties (essentially their shape
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and colour), both in static images and as the objects move in video streams. These models,
termed contour likelihoods, lead to statistical quantities such as likelihood ratios which can
be easily interpreted. Refinements and extensions of the basic contour likelihood approach
lead to models which are valid for partially occluded objects (the Markov likelihood), and to
likelihoods which can be used for tracking more than one object simultaneously; the latter
is an example of a “probabilistic exclusion principle”.

The second contribution is to the theory of particle filters, and their use in computer
vision applications. The theory and basic results on particle filters are collected and proved
in a new, self-contained formulation based on particle sets. The exposition is rigorous yet
accessible to the vision community, and methods of assessing the efficacy of particle filters
are also introduced. Finally, a technique called partitioned sampling is described. Parti-
tioned sampling dramatically improves the performance of an important class of particle
filters, and thereby provides a solution to certain tracking problems that were previously
unassailable by particle filtering methods.

1.1 Overview

The diverse nature of the problems to be tackled means that a unified literature survey
would tend to confuse rather than elucidate. Instead, literature surveys are included in each
chapter where they are needed. In particular, sections 2.7 and 2.8 are surveys on aspects of
particle filtering, section 4.1 surveys object localisation, section 6.1 surveys multiple-target
tracking and Chapter 3 begins with a brief overview of generative models.

The content of the thesis is as follows. The next section of this chapter provides an
introduction to active contours — the particular set of models used to describe and make
inferences on images throughout the thesis.

Chapter 2 (“Visual tracking with the Condensation algorithm”) is a self-contained de-
scription of particle filters, which are known in the computer vision literature as the Con-
densation algorithm. Condensation is the algorithm used for all the tracking problems
considered in the thesis, so Chapter 2 provides a proof of its asymptotic correctness and
introduces concepts useful for assessing the effectiveness of particle filters.

The huge amount of data in images means that vision algorithms often consider only a
much smaller set of data called features, such as edges or colour blobs, which are derived from
the image in a prescribed manner. Statistical interpretation of the features then requires a
generative model of the features — a statistical model describing how the features arise in
typical images. Chapter 3 (“Contour likelihoods”) is a description of the generative models
used in this thesis, and of the standard types of statistical inference that can be performed
on these models.

Chapter 4 is a description of how to apply the contour likelihoods of Chapter 3 to real
localisation and tracking problems. The methods are demonstrated on a variety of static
localisation problems, and real-time tracking tasks.

The generative models of Chapter 3 assume that certain types of image features are
statistically independent; this is an approximation that is violated badly when an object
is partly occluded. Chapter 5, “Modelling occlusions using the Markov likelihood”, is a
self-contained solution to this problem which modifies the likelihoods by using a Markov
random field.

Chapter 6, “A probabilistic exclusion principle for multiple objects”, generalises the
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previous contour likelihoods so that they can be used with more than one object. It turns out
that the correct way of doing this leads to a probabilistic exclusion principle: the computer’s
hypotheses about the object configurations are prevented from coalescing unduly onto the
same state.

As the final substantive chapter of the thesis, Chapter 7 (“Partitioned sampling”) intro-
duces a method for dramatically improving the effectiveness of certain particle filters which
must operate in high-dimensional spaces. Partitioned sampling is particularly suited to
tracking multiple objects and articulated objects, and examples of both are demonstrated.
A particular highlight is a real-time hand-tracking system of sufficiently good quality that
it can be used as the input for a drawing package.!

Chapter 8, after some brief speculation on what might have come next, directs the reader
back here for a summary.

Some of the material in the thesis has appeared elsewhere, including (Blake et al., 1998;
MacCormick and Blake, 1998a; MacCormick and Blake, 1998b; MacCormick and Blake,
1999; MacCormick and Isard, 2000; Isard and MacCormick, 2000). Video sequences and
other material related to the thesis are available from the following web site:

http://www.robots.ox.ac.uk/”jmac/research/thesis/thesis.html

1.2 Active contours for visual tracking

The human visual system provides empirical proof that accurate tracking of moving, deform-
ing objects is an information-processing problem with a robust, real-time solution. A full
understanding of this (human) solution is still well beyond our grasp, and current solutions
using artificial intelligence must make simplifying assumptions and accept less complete
results to make progress. Several different paradigms for these simplifying assumptions are
popular in the literature. If we accept that complete reconstruction of the “plenoptic func-
tion” (Adelson and Bergen, 1991) — or even more generally, a complete reconstruction of
both the 3D structure of the world and its illuminance properties — is not a realistic goal,
then we must instead adopt some basis for segmenting the world and our images of it into
meaningful blocks. A simplistic taxonomy of approaches to this segmentation task might
list the following: “layers” (e.g. Wang and Adelson, 1993; Baker et al., 1998), in which the
world is taken to consist of cardboard cutouts, “texture” (e.g. Chellappa and Chatterjee,
1985; Malik et al., 1999) in which the world consists of objects defined by homogeneous
textures, and “contours” or “snakes” (e.g. Kass et al., 1987; Blake and Isard, 1998; Ter-
zopoulos and Szeliski, 1992) in which the world consists of objects defined by boundaries
with given properties.

We have to start somewhere to get somewhere else. So this thesis adopts the contour
approach, and builds on a theory of shape and motion espoused by Andrew Blake and
his co-workers at the University of Oxford. Termed “active contours”, this approach is
described in detail in a book of the same name by Blake and Isard (1998). This section
of the thesis will cover the bare bones of this theory (splines, shape spaces, and dynamical
models using auto-regressive processes) for completeness, but the interested reader is urged
to consult the Active Contours book as well as research papers such as (Blake et al., 1993;
Blake et al., 1995; Curwen and Blake, 1992; Reynard et al., 1996) and, for a broader

!This was developed in collaboration with Michael Isard.
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perspective, the Active Vision collection (Blake and Yuille, 1992). Important related work
includes the Active Shape Models of Cootes, Taylor, and others in Manchester (e.g. Cootes
et al., 1995), and the snakes of Kass et al. (1987). Some detailed applications of the active
contour approach are given in Oxford Ph.D. theses by Wildenberg (1997), Kaucic (1997),
Isard (1998), and North (1998).

1.2.1 Splines and shape space

Each tracking or localisation problem addressed by this thesis involves a distinguished
class of objects called “targets” or “target objects”. Examples of typical classes of targets
include cars, bicycles, humans, and hands. A given target object is described by its outline,
which is modelled as a B-spline (Bartels et al., 1987). B-splines are a convenient way of
representing smooth, natural-looking shapes by specifying only a small number of “control
points”. Specifically, if the coordinates of the control points are (z1,%1),...(Zn,yn) then
the B-spline is a curve (z(s),y(s))" parameterised by a real variable s on an interval of the

(5)-0(3)

where B(s) is a 2 X 2n matrix whose entries are polynomials in s, and Z, § are n x 1 column
vectors containing the z- and y-coordinates of the control points respectively. The key
point to note is that for a given B, the space of all contours is finite-dimensional: indeed
it is isomorphic to R??, and can be given an inner product which makes the concept of
“distance” between two splines meaningful (see Appendix A.1).

We will call any such B-spline a contour. Figure 1.1 gives an example of a mouse-shaped
contour with 7 control points. Typical objects require 5-20 control points to produce a
contour that, for a human observer, appears to match the target object very closely. The
vector space of such contours has 10-40 dimensions, which is often undesirably large. Hence
we generally work in a vector subspace of R?" termed the shape space and denoted by X.
An element x € X is related to the control point coordinates Z, ¥ by a linear transformation
with a fixed offset:

If the shape space has d dimensions, then W is the 2n X d shape matriz, x is a d X 1 column
vector generally just referred to as the configuration or state, and Q) is a d x 1 vector called
the template for this object.

Given a template for a rigid planar object, it is easy to define a shape space X corre-
sponding to either translations, 2D Euclidean similarities or affine transformations? of the
template. If the target object is articulated, non-rigid, or non-planar, it is still often possible
to work in a linear space of low dimension by extending &X'. This can be done on theoretical
grounds, or by using key-frames from training data followed by Principal Components Anal-
ysis (Jollike, 1986; Cootes et al., 1995). Actually, none of the object localisation techniques
in this thesis require X to be a vector space. X can be any sub-manifold of the spline

real line:

) =Wx+ Q. (1.2)

Qg

2For planar objects, these are equivalent to 3D Euclidean transformations with perspective effects ne-
glected.
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space and discussions will treat it as such.> Even the tracking algorithms discussed later
do not really require a linear shape space, although linearity is required to implement the
dynamical models discussed in the next section.

Figure 1.1: A contour. Throughout the thesis, a contour is a B-spline like this one,
specified by control points shown here as black crosses. Note that the contour does not
interpolate the control points.

1.2.2 Dynamical models using auto-regressive processes

Any tracking or filtering algorithm requires a model of how the system is expected to evolve
over time. The computer vision community seems to divide into two camps here. On the
one hand, one can attempt explicit physical realism by modelling kinematics and other
forces (e.g. Robertson and Schwertassek, 1988; Bregler and Malik, 1998). The other chief
approach is the auto-regressive process or ARP (Lutkepohl, 1993), which has been used
in many speech and vision applications (e.g. Bobick and Wilson, 1995; Rabiner and Bing-
Hwang, 1993; Black and Yacoob, 1995). This thesis adopts second-order ARPs exclusively.
It has been our experience that these models capture a rich variety of motions of interest in
computer vision tracking problems, while being both straightforward to learn from training

3 Authors using contours seem to have restricted themselves to linear configuration spaces because of
various computational advantages and because the Kalman filter requires a linear state space.
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data and easy to implement efficiently in real-time algorithms.
A second-order ARP expresses the state x; at time ¢ as a linear combination of the
previous two states and some Gaussian noise:

x¢ = Agxy_9 + A1x¢_1 + Bw,

where A, As, B are fixed d X d matrices and w is a d x 1 vector of i.i.d. standard normal
variates. Blake and Isard (1998) give some useful techniques for setting A, A2, B by phys-
ical reasoning for relatively complex tracking problems, and then bootstrapping by taking
maximum likelihood estimates based on longer and longer sequences of successful tracking.
This is the approach used for all tracking in this thesis. The expectation-maximisation al-
gorithm has also been used for learning ARPs; two computer vision applications are (North,
1998; Pavlovic et al., 1999).

1.2.3 Measurement methodology

To perform inferences on real data, one must not only acquire the data, but also possess
a model of the data acquisition process. This section describes the process itself, while
Chapter 3 addresses ways of modelling it. A plethora of tools have been used for this by
the image analysis community, and we choose one based on its utility for tracking moving
and deforming objects.

The method is demonstrated in figure 1.2. At fixed* points along the B-spline, line
segments normal to the contour are cast onto the image. These normals are called measure-
ment lines; typically they will be spaced equally around the contour, with between 1 and 5
measurement points per span of the B-spline. Often the length of the measurement line is
fixed in advance, and it is almost always assumed that the measurement line is symmetric
about the measurement point. Next, a one-dimensional feature detector (a simple edge
detector, for instance) is applied to the image intensity along each measurement line. For
each line, the result is a list of numbers describing the distance from each feature found to
the measurement point; these numbers are called the feature innovations.’

Chapter 3 describes some detailed models which can be used to perform inference on
the distribution of the features which are detected by this method. Section 3.2.3 describes
a different method of measuring the image, in which the measurement lines are fixed in the
image rather than being attached to the contour.

“To be precise, the measurement points are not fixed on the contour at all — this concept makes no
sense when the contour’s shape can vary. The measurement points are actually placed at fixed values of the
B-spline parameter s in (1.1).

5The contour is assumed to have an orientation, and a negative feature innovation indicates the feature
is in the interior of the contour. (By convention, the orientation is chosen so that the interior is on the left
of an ant traversing the contour in the positive direction.) Note that both open and closed contours have
an interior according to this definition.
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Figure 1.2: Measurement methodology and notation. The thick white line is x — a
mouse-shaped contour in some hypothesised configuration. The thin lines are measurement
lines, along which a one-dimensional feature detector is applied. Black dots show the output
of the feature detector. The distance of a feature from the contour is called its innovation.



The Condensation algorithm

A fundamental problem addressed by this thesis is: to infer, from data captured with a
single video camera, the configurations of some known objects, as a function of time. The
objects may deform or move throughout the sequence, and if possible the inference should
be accomplished in real time. The background is not assumed rigid or stationary, and its
3D structure is not known.

Perhaps the most effective tool for this task to have emerged in the Computer Vision
literature is the Condensation algorithm of Isard and Blake (1998a). Most of the visual
tracking in this thesis is accomplished using this algorithm; this chapter describes and for-
malises it in a new way which makes the power and flexibility of the algorithm clear. This
includes the proof of the “Condensation theorem” which shows that the algorithm remains
probabilistically valid under various combinations of its constituent operations. The Con-
densation theorem is an important contribution since previous proofs in the computer vision
literature were incomplete, whereas the more general results from the statistics literature
did not address the particular stochastic operations used in the contour tracking framework.
For the first time, a rigorous proof of the correctness of Condensation is made accessible
to the computer vision community. Another innovation is the introduction of Condensa-
tion diagrams®, which enable the myriad possible implementations of Condensation to be
described both accurately and concisely.

The final two sections of the chapter are mini-appendices, describing respectively the
history of, and some alternatives to, the Condensation algorithm.

2.1 The basic idea

Throughout it is assumed that there are T frames of data to be processed, but that at
time ¢ only data from times 1,...¢f — 1 are available, so that we are in a filtering rather
than smoothing framework. The measurements acquired from frame t are labelled Z;, and

!For this I am indebted to Michael Isard, who helped develop the notation and wrote the I¥TgX package
which displays them.
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will generally consist of a list of edgels observed in the image, as discussed in section 1.2.3
(although of course the measurements could actually be any other function of the image,
including the whole image itself?). The configuration of the target objects at time # is x;,
and the measurements Z;,t = 1,...7T are assumed to be conditionally independent, given
the x4, = 1,...T. The measurements acquired up to frame ¢ are denoted Z;:

2, ={Z1,... 7}

The objective of filtering is to apply Bayes’ theorem at each time-step, obtaining a posterior
pt(x¢|Z;) based on all available information:

Dt (Ze| %) pr—1(x¢| Z4-1)
Pi(Zy) ’

where we can write p;(Z¢|x;) instead of pi(Z|x;, Z;—1) because of the conditional inde-
pendence assumption. As usual in filtering theory, a model for the expected motion be-
tween time-steps is adopted. This takes the form of a conditional probability distribution
pi(x¢|x¢—1) termed the dynamics. Using the dynamics, (2.1) can be re-written as

pr(xe|21) = (2.1)

Pe(Zelxe) [, | pe(xe|xe—1)pe—1(Xe—1|24-1) dxi—1
pe(Zy) .

This is the equation which a filter must calculate or approximate. In the particularly well-
known and easily implemented case of a Kalman filter (Gelb, 1974), the observation density
pt(Z¢|x¢) is assumed Gaussian, and the dynamics are assumed linear with additive Gaussian
noise. Unfortunately it is an empirical fact that the observation densities occurring in visual
tracking problems are not at all Gaussian; this was the original motivation for Isard and
Blake to introduce the Condensation algorithm. The fundamental idea behind Condensation
is simply to simulate (2.2). First note that (2.2) can be re-written as a sequence of two
operations on density functions:

pi(xe|2) = (2.2)

Pr—1(xe—1]2Z-1) — Pr—1(xt| Z1-1) — (%t 21),

multiply by
observation
density p(Z|x')

convolve with
dynamics p(x'|x)

(2.3)

where the final division by p;(Z;) has been omitted — this normalisation step will be
achieved automatically by the method adopted.

The simulation uses the idea of a weighted particle set: a list of n pairs (x;,m;),1 =
1,...n, where x; € X (the configuration space) and m; € [0,1] with > ; 7 = 1. The
particle set is meant to represent a probability distribution p(x), in the sense that choosing
one of the x; with probability 7; should be approximately the same as drawing a random
sample from the distribution p(x) (figure 2.1). To simulate (2.2), all we need is a way of

*Isard and Blake (1998a) allow Z to be the entire image, and offer arguments as to why their observation
density depending only on edgels can be regarded as an approximation to the true density depending on all
grey-levels. I prefer to regard the measurement process as a black box, which outputs features Z;. Rigorous
statistical inference proceeds on the basis of the black box output, not the original grey-levels or RGB values.
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performing the operations “convolve with dynamics” and “multiply by observation density”
on particle sets. This turns out to be very easy. To convolve with dynamics p(x'[x), just
replace each particle x; with a random draw from p(x'|x;). To multiply by the observation
density p(Z|x), just multiply each weight m; by p(Z|x;), and normalise so that the new
weights sum to unity. It turns out that another operation termed resampling is required
too; the reason for this is explained in the next section. The resampling operation con-
sists of choosing n of the particles from the previous step by sampling with replacement;
particles are selected with probabilities proportional to their weights. The whole process is
summarised on a Condensation diagram:

[ > ~

(a) (b) (o) (d)
where the ~ symbol denotes resampling, * denotes convolving with dynamics, and x denotes
multiplication by the observation density. (The labels (a)-(d) correspond to the example

given shortly.) These notions are formalised in the section 2.3, but first let’s look at an
example.

(2.4)

A

Probability — probability
density

@ weighted
particle

y

> @) QIO .o 1S) State *

Figure 2.1: Weighted particle sets. A weighted particle set is an approximate representa-
tion of a probability distribution: picking one of the grey ellipses with probability proportional
to its area is approximately the same as drawing randomly from the continuous probability
density function shown. (Figure reproduced from (Isard and Blake, 1998a).)

Example Figure 2.2 shows a simulation of the Condensation diagram (2.4). The configura-
tion space X is two dimensional, so the position x = (z1,z2) of each particle is represented
by its position on the plane, and the weight = of a particle is proportional to its area.
Each panel (a)-(d) corresponds to a labelled position on the Condensation diagram 2.4.
Panel (a) shows a particle set representing a Gaussian prior centred on the middle of the
configuration space. The true position of the target is shown as a cross. In panel (b), the
particle set has been resampled. The particles now have equal weights; there is the same
number of particles as in (a), but the more heavily weighted particles have been replicated
many times whereas some particles from (a) were not selected at all by the resampling pro-
cess. Panel (c) shows the results of applying the dynamics (in this case additive Gaussian
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dynamics) to (b). The posterior (d) is created from (c¢) by multiplying the (equal) weights
by the likelihood function, which is shown for reference in (e). This likelihood function is a
Gaussian centred on the true position of the target.

Those who have followed the evolution of Condensation in the vision literature might
wonder at the need for a proof of the algorithm’s correctness. In fact, there is such a need:
the proof in (Isard and Blake, 1998a) contained a flaw, which I believe can only be rectified
by the relatively heavy mathematical machinery to be invoked in the rest of this chapter.
Recall that Condensation consists of iterating equation (2.4) once for every frame in the
video sequence. Isard and Blake showed that (2.4) itself was valid, but they assumed the
particle set representing the prior consisted of independent draws from the prior. They then
used induction to deduce the validity for a finite number of iterations, but unfortunately
the inductive hypothesis does not hold: after the resampling operation has been performed,
the particles in a given particle set are not independent. Hence the need for a more general
approach.

2.2 Formal definitions

Before we can prove anything useful about Condensation, some precise definitions are
needed. Recall that the configuration space is denoted X. Throughout the thesis, X is
assumed to be a compact® subset of R?. Because we want to prove results about the
asymptotic properties of Condensation as the number of particles n becomes large, we
cannot work with a fixed value of n. We really need to consider the sequence of possible
Condensation algorithms that would be produced by setting n = 1,2,... in turn. The
formal definition of a weighted particle set captures this notion by considering a triangular
array of random variables.

Definition (Weighted particle set) A weighted particle is a pair (x,7) where x € X
and m € [0,1]. A weighted particle set S is a sequence of finite sets of random variables
whose values are weighted particles: the nth member of the sequence is a set of n random
variables

S, = {(x{M, 1), .. (x™, )y,

such that > ; HS”) = 1. In other words, S is an infinite triangular array of weighted
particle random variables, so S = (S, S2,...) with

51 = {(Xgl)a Hgl))}a
S, = {(x{, 1), (x§, mP)},

Generally we blur the distinction between a random variable and its value, simply writing
(xgn), Wgn))?zl,n =1,2,... for the particle set. Furthermore, the fact that n =1,2,... and
the superscript n are often omitted; operations on particle sets will often be specified by

their effect on the typical nth element S, = (x;, 7;)7 ;.

3that is, closed and bounded
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Figure 2.2: One time-step of the Condensation algorithm. The true position of the target
in this 2-dimensional configuration space is shown as

a cross; particles representing a probability
distribution are shown as circles whose areas are proportional to their weights. FEach step shown is

one stage in the Condensation diagram (2.4). (a) The prior. (b) After the resampling operation.
Every particle now has the same weight, but many are replicated; these are shown stacked on top of

each other. (c) After the dynamics have been applied. (d) After reweighting by the likelihood (see

panel (e)). (e) The likelihood used for reweighting — in this simple example it is a Gaussian centred
on the true position of the target.

12



Chapter 2. The Condensation algorithm 13

Note that there is a terminological difficulty here: a “weighted particle set” is not a set
of weighted particles — it is a sequence of sets whose elements are weighted particle random
variables.

Example The random variables for a particle set are almost always specified by an algo-
rithm for generating them, rather than explicitly writing down their density functions. For
example, suppose X is the unit interval [0,1]. Then the typical element of a particle set
could be defined by specifying that for i = 1,2,...n, xgn) is drawn independently from the

uniform distribution on [0, 1] and that wgn) is set to 1/n (note that wgn) is a random variable,
but that its law assigns a probability mass of 1 to the value 1/n). Writing Rect[0, 1] for the
uniform distribution on [0, 1] this can be written

(n)

) ~ Rect[0, 1]

™) — 1/n (2.5)

x

ﬂ-Z

Of course, the only reason for introducing weighted particle sets is that they can be used

to approximate arbitrary probability distributions on the configuration space. The intuitive

idea is that when n is large, a random sample from the nth element of a particle set is ap-

proximately a random sample from a given probability distribution. More precisely, note

that we can identify the nth element of a particle set, say S, = (Xg"),Hgn)), ... (X%"), H%"))

with a stochastic recipe for generating distributions which are sums of §-functions: a par-

ticular realisation of the random variables comprising S, say (xgn),wgn)), . (x%"),m(f))
corresponds to the distribution

Z Wz(n)5an>, (2.6)
i=1 '

where dy is a d-function centred on x. What we want to discuss is when such stochastic
recipes for generating distributions converge to a single distribution p(x): this is formalised
by the notion of the distribution represented by a particle set (section 2.2.2), but to do this
properly we need some technical details.

2.2.1 Technical detail: convergence of distribution-valued distributions

Our objective here is to present a rigorous treatment of particle sets which is accessible to
a general computer vision audience. To so do we must sacrifice some of the finer niceties of
measure theory — for instance, we will talk of “the family of all probability measures on
X7 without specifying a o-algebra on X, and will not mention when functions should be
measurable. The reader who is equipped to handle such details is referred to (Del Moral,
1998), on whose ideas and notation we draw heavily for this section.

With such caveats out of the way, we can proceed with some definitions. Let P(X) be
the space of all probability measures on X. Let P(P(X)) be the space of all probability
measures on P(X). For a real-valued function F : P(X) — R, and ® € P(P(X)), we write

OF = / F(p)®(dp). (2.7)

This is an integration over all possible measures y € P(X), and the notation may be
unfamiliar to some readers. If confusion sets in, revert to the simple case in which ® is
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a discrete measure on P(X) — say ® = > ' w;dp, for pi,ps,...p, € P(X) and with
Yiiw; = 1. Then the integration becomes a weighted sum, and ®F = )7 ;| F(p;)w;.

Definition (Weak convergence of distribution-valued distributions) A sequence
Dy, @y, ... in P(P(X)) converges weakly to ® € P(P(X)) if

for every continuous, bounded, real-valued function F : P(X) — R,

limy, oo @, F = OF. (2.8)

This is the only definition we need to make particle sets rigorous, so it is worth noting!

2.2.2 The crucial definition: how a particle set represents a distribution

The next definition uses the concept of weak convergence of distribution-valued distributions
from the previous section.

Definition (Representation of a probability distribution by a particle set) Let S
be a particle set with configuration space X, and let p(x) be a probability distribution on
X (if you like, p € P(X)). Following the discussion of equation (2.6) above, we identify the
typical element S, of S with a member of P(P(X)) — S, is a “distribution-valued distri-
bution” since it is a stochastic recipe for choosing distributions in P(X); the distributions
it chooses happen to be sums of d-functions in the form (2.6). Let p be the element of
P(P(X)) which assigns mass 1 to p and 0 to all other distributions (this notation will be
used throughout the thesis). We say S represents p(x) if

Sp, = Ppasn— oo (2.9)

Of course this is weak convergence in P(P(X)) as defined in the last section. An equivalent
statement to (2.9) is that for all bounded continuous F : P(X) — R,

/F(u)Sn(du) — F(p) as n — 0. (2.10)

This follows from the definition of weak convergence above, because pF = F(p).
The most obvious example of a particle set representing a distribution is the “standard
Monte Carlo” particle set:

Definition (Standard Monte Carlo particle set for p(x)) . Let p(x) be a distribution

on X. Then the standard Monte Carlo particle set for p(x) is S = (xz(-n),wz(n)) given by
x" ~ p(x) (2.11)
WZ(") =1/n

where the ~ symbol means xgn) should be drawn randomly from the specified distribution,

independently of all the other draws. (Remember, we are deliberately not bothering to

distinguish between random variables and the values they take: the x; and m; here are

random variables, but any computer simulation of the particle set — such as figure 2.3 —

will pick actual values for them.)

In other words, S, consists of n independent samples from the “target” distribution
p(x). We can’t get far without knowing that the standard Monte Carlo set really does
represent p(x), which is what the next proposition tells us.
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Proposition 1 (Standard Monte Carlo) A distribution p(x) is represented by its stan-
dard Monte Carlo particle set.

Proof. This is Corollary 22 of Appendix A.3. |

Some readers may be surprised, after looking at the appendix, that the proof of this
seemingly obvious result is so abstract. The reason is that we have proved a result much
stronger than the one needed for Monte Carlo integration. To do Monte Carlo integration,
we only need to know that 1/n 3" f(x;) — [ f(x) dp(x) for a suitable class of functions f
(and this follows immediately from the Law of Large Numbers, for most f and p). Proposi-
tion 1, on the other hand, asserts that our Monte Carlo method, considered as an algorithm
for producing distributions in P(P(X)), converges to the element p € P(P(X)).

Examples The particle set described in the last example (section 2.2) is actually the
standard Monte Carlo set for the uniform distribution on [0, 1], and hence it does represent
this distribution. But there are many other weighted particle sets which also represent the
uniform distribution (figure 2.3). For example,

" = 1/n (2.12)

also represents the uniform distribution. We call this type of particle set “deterministic”
because there is no randomness in the way it chooses the particle configurations or weights.
The fact that this deterministic particle set represents the uniform distribution can actually
be checked directly from the definitions; it boils down to the fact that the integral of any
continuous function can be approximated as well as we please by step functions with equally-
spaced steps. As a final example, let Tri[0, 1] be the “triangular” distribution on [0,1] —
so the pdfis g(z) = 2z on [0,1] and 0 elsewhere. Define a particle set by:

x™ ~ Tri[0, 1]
™ o 1/x™ (2.13)

2
The constant of proportionality for the 7; is determined by the fact that > 7 ; 7'('2(”) = 1.
After section 2.3 we will return to prove that this too is (almost) a representation of the

uniform distribution*. Figure 2.3 shows random samples from all three particle sets just
described.

2.3 Operations on particle sets

This section introduces the three basic operations on particle sets used by Condensation:
multiplication by a function, application of dynamics, and resampling. Each operation is
first described in terms of the stochastic algorithm which implements it. Secondly, the effect
of each operation on the distribution represented by a particle set is stated and proved.

4As we shall see, we should really restrict this distribution to intervals [4,1] for § > 0 — the fact that
q(0) = 0 causes problems otherwise
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Figure 2.3: Weighted particle sets representing the uniform distribution. A sam-
ple from the element n = 30 is shown for each of 3 weighted particle sets. Top: (2.5),

which draws xgn) from Rect[0,1]. Middle: (2.12), which deterministically sets xgn) to i/n.

Bottom: (2.13), which draws xz(-n) from the triangular distribution and sets Wz(n) o 1/x§n).

2.3.1 Multiplication by a function
This is the simplest operation on particle sets, defined as follows.

Definition (particle set multiplied by a function) Let S = {(xgn),wgn))l’;l,n =
1,2,...} be a particle set on X and let h(x) be a continuous, non-negative function on X
(note that because X is compact, h is therefore bounded and bounded away from zero).
! !

Define a new particle set, S’ = {(xl(-n) ,wgn) )iy, n=1,2,...} by (the superscript n’s are
dropped):

We say S’ is obtained from S by multiplying by h. If S represents a distribution p(x), this
is written on a Condensation diagram as

plx)) —
s g

The effect of the multiplication operation on the distribution represented by a particle
set is exactly what you would expect:

Theorem 2 Let S,S’ be as above, so that S represents p(x) and S’ is obtained from S by
multiplying by a continuous, non-negative function h(x). Then provided h(x)p(x) is not
identically zero, S' represents the probability distribution proportional to h(x)p(x).
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Proof. Let P(X)" be the space of all finite measures on X, (recall that P(X) includes only
probability distributions) and similarly let P(P(X))" be the space of all finite measures
on P(X). The important abstraction here is that “multiplying by a function A” is an
operator on the space P(P(X))’. Denote the operator by hx and observe that its effect

on ® € P(P(X))" can be described as follows: for any bounded continuous function F :
P(X) = R,

(h x ®)F = /F(hu)Q(dp).

(The notation hy is the standard multiplication of a real-valued measure by a real-valued
function). If we can show this operator is continuous (for continuous, non-negative h) as a
function P(P(X))" — P(P(X))' then we are done. Indeed, let Sy, Ss,... be the elements
of S, which by the definition of a particle set tend to p. Then

(h % Sa)F = / F(h)Sn(di) —n-so0 F(hp(x)

(justified because F' and h are continuous so F'(h e) is also continuous) and since this holds
for all F' we conclude that h x S, — hp, as desired.

In fact the proof is not complete since the operator hx does not correctly normalise the
distributions. But this is easily patched up: let a(u) be a real-valued function such that
a(p)hp is normalised whenever p is normalised. Provided hp is not identically zero, one
can easily show® « is continuous in a neighbourhood of p, so now the argument works as
before. |

Remark. It is a trivial extension to prove the theorem for piecewise continuous h. However
h cannot be too pathological. For instance, the favourite measure theory counterexample
h =1 on rationals and 0 on irrationals shows the theorem is not true for all h: the particle

set S defined by (2.12) only ever takes rational values for the xgn) so h x § = S, whereas
h(x)p(x) = 0 since h is zero almost everywhere.

Figure 2.4 shows an example of the effect of multiplying a particle set by a function.
Note that the multiplication operation can be used to prove (2.13) is a representation of
the uniform distribution on [4,1] for § > 0. Let S be the standard Monte Carlo set for the
restriction of the triangular distribution to [0, 1] — so S represents a distribution with pdf
x z. Set h(z) = 1/z; then h is a continuous function on [4,1]. So by the theorem, h x S
represents a distribution with pdf proportional to 1/z x z — that is, h x S represents the
uniform distribution on [4, 1]. Finally, it is easy to check that h x S is precisely the particle

set (2.13).

2.3.2 Applying dynamics

Diffusing a particle set according to some stochastic dynamics is another important step
in the Condensation algorithm. The stochastic dynamics take the form of a conditional
density p(x'|x)dx’, which expresses the probability that the target object is now in the
volume dx’, given that at the last time-step it was in configuration x.

Definition (Applying dynamics to a particle set) Let S = {(xg"),wgn))?ﬂ,n =
1,2,...} be a particle set on X and let p(x'|x) be a conditional density. Define a new

"Let B =1/a, so B(p) = [hdp. If p1,p2, ... — p then B(us) = [hdpi — [hdp = B(p)
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Figure 2.4: Particle set multiplied by a function. Top: A realisation of the particle
set (2.5), representing the uniform distribution. Middle: a function h(x) by which the
particle set will be multiplied. Bottom: the particle set obtained by multiplying the top
particle set by h. Note the particles are in the same positions but their weights have changed.
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- TR
particle set, S {(x;" ,m

7 i i=1> — g Ly y P Sup S p n

L= ;. (2.14)

We say S’ is obtained from S by applying the dynamics p(x'|x). If S represents a distribution
p(x), this is written on a Condensation diagram as

plx) —
S S’

One would expect that applying dynamics diffuses the distribution represented by a
particle set, according to the transition kernel p(x'|x), and this is indeed the case. Unfortu-
nately the statement of a theorem to this effect is a little more complex, due to a technical
difficulty: the above method of applying dynamics is well-defined for particle sets, but not
for general members of P(P(X)): the method depends on picking each particle exactly
once, and diffusing it, whereas these particles do not necessarily exist for a general member
of P(P(X)). However, there is a way out: it turns out that if the initial particle set was
produced by a resampling operation (defined in the next section) we do get a well defined
operator. Hence this theorem is stated now but proved after the next section.

Theorem 3 Let S, S be as above, so that S represents p(x) and S’ is obtained from S by
applying the dynamics p(x'|x). Suppose in addition that S was produced from some other
particle set by a resampling operation. Then S’ represents the distribution p'(x') given by

P = / p([x)p(x) dx

Proof. This is proved as Theorem 23, in appendix A.3. |

Incidentally, we conjecture that this theorem is true without the additional assumption
that S is a resampled set.
Figure 2.5 gives an example of applying dynamics to a particle set.

2.3.3 Resampling

Many different particle sets can represent a distribution p(x), but some do so more efficiently
than others. Look back to figure 2.3, where one feels intuitively that the centre panel is the
“best” representation of the uniform distribution, while the lower panel is the “worst”. This
concept of efficiency will be formalised later as effective sample size, but it is mentioned
here as the motivation for the resampling operation. It will turn out the a key feature of
an efficient representation is that most of the particles have equal weights, and resampling
is a way to achieve this.

Definition (Random resampling) Let S = (xz(-"), 7'('1("))?:1,’)’), =1,2,... be a particle set,
and define a new particle set, S’ by

xz(”), = xg-n) with probability W](-")
71'1(”), =1/n
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Figure 2.5: Applying dynamics to a particle set. Top: A realisation of a particle set
representing a bimodal distribution on the unit interval. Middle: The dynamics p(x'|x) to be
applied. Note the dynamics incorporate a deterministic shift and some Gaussian diffusion.
Bottom: a realisation of the particle set obtained by applying these dynamics. The weights of
the particles are unchanged, but their positions have been shifted according to the dynamics:

a deterministic shift to the right, plus some Gaussian noise.
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!
where the random choice of ngn) occurs independently for s = 1,...7n. We say S’ has been

obtained from S by (random) resampling, and depict this operation on a Condensation

diagram by
p)) —— |~ — ()
S S’

The next theorem explains why p(x) appears twice in this diagram: resampling does
not affect the distribution represented. In fact, this is the critical result that will enable
us to complete the proof that Condensation is asymptotically correct. It circumvents the
independence assumption discussed at the end of section 2.1, by showing that although the
particles in a resampled set are not independent, the set nevertheless represents the same
distribution as before.

Theorem 4 Let S’ be a particle set obtained from S by random resampling. If S represents
a distribution p(x), then so does S'.

Proof. This is proved as Theorem 21 of appendix A.3. There is no real intuition to be
gleaned from the method of proof: it consists of some careful abstraction of the resampling
concept and an appeal to a technical lemma of Del Moral (1998). |

Figure 2.6 gives an example. Looking at this figure, one gets the feeling that the middle
panel is somehow “more random” than necessary. We know how many times each particle
should be selected by the resampling process if it is to resemble the previous set as closely
as possible: the ith particle should be chosen mrfn) times. Because of rounding this cannot
always be achieved exactly, but we can certainly guarantee that it holds to the nearest inte-
ger number of particles. A procedure that achieves this is called “deterministic resampling”,

and though many schemes can be used, we adopt the following definition for concreteness.

Definition (Deterministic resampling) Let S = (x(n),ﬂ'gn))?:l,

i n=1,2,... be a par-

ticle set. Write cz(n) = Z;Zl 7'('](”) for the cumulative weights, and define a new particle set
S’ by
)! (n)

(m)! _
X T %Gy

™' = 1/n.

2

where j*(7) = smallest j such that cg-n) > i/n.

This type of sampling is called deterministic because once the x; are known then so are the

!
x%. The rule given does indeed ensure that the proportion of xgn) equal to a given xg-n)

7
is close to W](-"). To see this, think of making n equally-spaced horizontal slices through a

graph of the cumulative probabilities cgn) (figure 2.7).
Theorem 4 does not hold with random sampling replaced by deterministic resampling.
For a counterexample, let 0 < ¢ < 1 and define a particle set by

. {Rect[(), 2] when i is odd

Rect[3,1] when 4 is even

- J(1—¢)/n wheniisodd
" l(14¢)/n wheniis even
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Figure 2.6: Resampling a particle set. Top: A realisation of a particle set representing
a bimodal distribution on the unit interval. Middle: a realisation of the particle set obtained
by random resampling on the original particle set. Some particles are chosen several times
by the resampling; they are shown offset in the y-direction. Note that no new particle
positions are generated by the resampling, but that some positions “die out” because they
are not selected at all from the original set. Bottom: The result of deterministic resampling
on the original set. FEach particle of the original set is replicated by the “right” number
of times — proportional to its weight, but rounded to an integer of course. This form of
resampling produces a higher effective sample size than random resampling whenever it is
valid. However, there are certain pathological cases in which deterministic resampling alters
the distribution represented by a particle set.
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Figure 2.7: The rule for deterministic resampling. The graph plots the cumulative

weights c(-"), and shows an example of how to calculate j*(i) which is defined to be the
(

J
smallest j such that c]-n) > i/n.
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Deterministic resampling of this particle set selects only the x; with 7 even (except possibly
for x,,, if n is odd), meaning that all (except possibly for 1) resampled particles are in the
interval [,1]. Yet the original particle set assigns weight (1 —€)/2 to the interval [0, 3].

Fortunately, this counterexample is pathological. We have never encountered a real
problem in which deterministic resampling alters the distribution represented by a particle
set. In the remainder of this thesis, we will assume the particle sets arising in tracking
problems can be resampled deterministically without altering the distribution represented.
Resampling symbols in Condensation diagrams mean will mean deterministic resampling
unless it is stated otherwise.

Remark. This discussion goes some way to addressing a question of Bill Triggs® about
Condensation. His question can be rephrased as “Condensation is essentially performing
numerical integration on complex probability distributions. Why then do you need random
numbers to perform Condensation?” The answer is that in principle one doesn’t need ran-
dom numbers; it’s a matter of designing the most appropriate combination of deterministic
and stochastic operations on particle sets. For example, it would seem that applying dy-
namics is always easier by a genuinely stochastic method, whereas for resampling operations
deterministic methods are preferable except in certain pathological cases like the one above.

2.4 The Condensation Theorem

Our present objective is to prove that the Condensation diagram (2.4) produces a particle
set that represents the RHS of (2.2). In fact, we would like more than this: we also want
to be able to iterate (2.4) a finite number of times and still be confident of its asymptotic
behaviour. This will justify the use of the Condensation algorithm for tracking, since we
know that by choosing n sufficiently large, a simulation of the nth element of the particle
sets will approximate arbitrarily well the T" Bayesian calculations like (2.2) that we originally
wanted to perform.

The next theorem says this is indeed possible. Call a Condensation diagram well-formed
if every application of dynamics is immediately preceded by a random resampling. Then
we have

Theorem 5 (The Condensation Theorem) Informal statement: Any well-formed
Condensation diagram produces a particle set representing the distribution you would expect.

Formal statement: Let O1,02,...0O7 be a finite sequence of operations on particle
sets consisting of either random resampling, multiplying by some non-negative continuous
function, or application of continuous dynamics. Let Py, ... Pr be the operators on probabil-
ity distributions that correspond to these operations (resample = identity; multiply by h =
‘multiply by h and renormalise’; apply dynamics p(x'|x) = ‘weight by p(x'|x) and integrate
w.r.t. x’). Moreover suppose that whenever O, is the application of some dynamics then
Op—1 is a resampling. Let S be an initial particle set representing a distribution p(x). Then
S"=0Oro...0018S is a particle set representing p' = Pro...o Pyp.

Proof. This is a trivial induction using Theorems 2, 3 and 4. The necessity for a Con-

densation diagram to be well-formed is because of the assumption made in Theorem 3.
[ |

5See the discussion following (Blake et al., 1998)
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Del Moral’s (1998) result, as interpreted and applied in this chapter, amounts to the
first correct proof of the asymptotic validity of the Condensation algorithm in the computer
vision literature. As mentioned at the end of section 2.1, the proof in (Isard and Blake,
1998a) uses an induction based on the formulation of factored sampling given by Grenander
(see the discussion in the next section). Unfortunately, this formulation requires the particles
to be independent samples from the prior for each time-step, whereas it is clear that after
resampling the particles are not independent.

2.5 The relation to factored sampling, or “Where did the
proof go?”

The basic objective of Monte Carlo methods” is to evaluate the integral of a function f(x)
over a space X with respect to a measure (or prior, if you are thinking statistically) p(x):

= / T xdn(x)

The simplest Monte Carlo method estimates I by drawing n i.i.d. samples xy,...x, from
the distribution p then setting

n

= %Zf(xi)-

i=1

~)

In the language of particle sets, this is just the estimator based on the standard Monte
Carlo set for p, multiplied by the function f. In the specific case that p is a prior and f a
likelihood function which can be evaluated up to constant, this method is termed factored
sampling, an idiom which appears to have been introduced by Ulf Grenander in his early
work on pattern theory (Grenander, 1981)8. A precise statement of the factored sampling
method from the point of view of particle sets is given in the next theorem.

Theorem 6 (Factored sampling) Let p(x) be a probability density (the prior) on X,
and f(x) a real-valued function (the likelihood) on X. Define the posterior p' by p'(x) =
f(x)p(x)/Z, where Z is an unknown constant chosen so that p' is a probability density on
X. Then if S is any particle set representing p, f X S is a particle set representing p'.

Proof. This is a restatement of theorem 2, page 16. Just replace f with h and ignore the
normalisation constant. n

Previous proofs of this result (e.g. Grenander, 1981, p596) used probabilistic methods
involving an appeal to the law of large numbers, whereas theorem 2 relies only on elementary
analysis, admittedly in the rather abstract space P(P(X)). Moreover, theorem 6 is actually
more general than the formulation in (Grenander, 1981) since S can be any particle set
which represents p, whereas Grenander requires the samples from p to be independent. It
is natural to wonder, therefore, “where did the proof go?” The answer is that it has been
subsumed in our definition of what it means for a particle set to represent a probability
distribution. We defined our way out of the difficult corner, which is showing that a discrete

"(Mackay, 1999) is a remarkably lucid, brief introduction to the basic ideas of Monte Carlo methods.
8 Mysteriously, he has been known to disown responsibility for this terminology in recent years.
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sample of a continuous distribution approximates the continuous distribution as the size of
the sample grows. When factored sampling is actually implemented, some kind of sampling
is involved and to prove its asymptotic correctness requires Proposition 1, or more generally,
the Condensation theorem (theorem 5). These results in turn depend on lemma 20 of
appendix A.3, which as Del Moral (1998) points out, “can be regarded as a uniform weak
law of large numbers”.

2.6 “Good” particle sets and the effective sample size

The ultimate goal of a particle set is to estimate some useful quantity: for concreteness, say
we want to know the x coordinate of the centroid of a tracked object. Let S = (xl(-"), wz(n))
be a particle set representing a distribution p(x) over a configuration space X, and let
¢ : X = R be a function whose expectation is the “useful quantity” we are interested in.

That is, we want to estimate

B¢ = /X $(x)p(x) dx.

This quantity can be estimated from S in the obvious way:

Definition (nth estimator of ¢ using S) The nth estimator of ¢ using S is a random
variable

n
S¢ =3" px{™)a™. (2.15)
i=1
Note that Sén) really is a random variable, since the xz(-n) and 7'('1(") are. Thus it has a
mean E,S'é") and a variance var(Sé")).
For continuous functions ¢, it can be shown® that
lim ESS" = B¢ (2.16)
n—oo

Assume for a moment that the convergence here is reasonably rapid. Then we are still not
assured that Sén) is a good estimator of E¢, since var(Sén)) might be large. To assess this,

we compare var(Sén)) with var(¢) using the effective sample size:

Definition (Effective sample size) Let £, be any estimator of E¢. The effective sample
size of £, denoted N (&), is given by

N(Ey) = V";r((g) (2.17)

where var(¢) = [, (¢(x) — E¢)?p(x) dx.
This definition follows Carpenter et al. (1997) and Doucet (1998); Geweke (1989) calls

it this quantity the relative numerical efficiency. The reason A for this terminology will be
clear after the following definition:

Let ¢ : P(X) — R;p +— Ep¢p. Note ¢ is continuous since ¢ is. Since S, — p, we have lim, oo Snp =
Py = Ep¢, where the first step follows because ¢ is continuous. But S, = ES,, so we are done.
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Definition (nth Monte Carlo estimator of ¢) Let Y7,Y5,... beii.d. random variables
with distribution p(x). The nth Monte Carlo estimator of ¢ is

n_1ly
MY = =37 $(¥)
=1

An equivalent definition would be to let S be the standard Monte Carlo set for p, define
M = ¢ x S, and take Mén) to be the nth estimator of ¢ using M as defined above.

By elementary probability theory, EM én) = E¢, and var(M én)) = var(¢)/n. Thus the
effective sample size of the nth Monte Carlo estimator of ¢ is just n:

(), _ var(¢p)
N = Sy "
This explains the choice of terminology: if N'(€,) = n for some estimator £y, then the same
variance could have been achieved by using a Monte Carlo estimator with n samples.
For most estimators £y, there is no way to calculate N'(£4) exactly. The quantity var(Ey)
must almost always be estimated, and often var(¢) must be estimated too. To remind us
of exactly how many things are being estimated, we adopt the notations

var(¢)

N = estimate for var(&y)
= estimate for var
P var()

estimate for var(&4)

In the specific case of the particle set S, the estimate for va,r(Sén)) is obtained as the variance
of m draws from Sén) — call them S((bn)(l), . s((pn) (m). Each draw from Sén) involves an
independent realisation of S; by dropping superscript n’s we can write the realisations of
the m simulations of S as

(%4, 1)1 (Ki2, Ti2)im1s -+ (Xiyms Tim )iz,

and express the s((b") as

n

Sfbn)(k) = qu(xz',k)?ri,k-

i=1

Now follow your nose, making the obvious definitions

E¢ = % DO Bxik) ik

i—1 k=1
E$= % DD dxik)min
i=1 k=1
estimate of var(¢) = #(@ — (E¢)?)

1

estimate of va,r(SgL)) =

3

S5 (k) - E)?

1



Chapter 2. The Condensation algorithm 28

and finally the effective sample size based on two estimates:
s m((BE - (B
NS = S m >

ST (k) — Bo)

Of course if E¢ and var(¢) are known, then we use the effective sample size based on one
estimate:

(2.18)

NSty = m var(g) (2.19)
S (557 (k) — E¢)?

Example Effective sample sizes were estimated for the three particle sets of figure 2.3 with
¢(x) = x; the results are graphed in figure 2.8. An important point to note is that because
the particle set defined by (2.12) is completely deterministic, the variance of its estimator is
zero and its effective sample size is infinite. To show a more meaningful graph, we replaced
half of the particles in this set with random uniform variates; as the figure shows, the
particle set still has N (Sé)")) > n. The estimates A are based on m = 100 runs of each

particle set (for each value of n); if N was a perfect estimator of N then every line on the
graph would be straight. Hence we see that even in this simple example and with m = 100
runs, the estimates A are rather noisy: the problems will only get worse in real tracking
problems where the computational burden of 100 runs is too high. This is a good reason to
seek for a less costly method of assessing the quality of our particle sets. The next section
introduces just such a method: the survival diagnostic.

2.6.1 The survival diagnostic

As remarked above, it is never possible to actually calculate the effective sample size in real
problems — it must be estimated by repeated runs of a stochastic algorithm, or by some
other statistical technique. One useful estimator is the “survival diagnostic”. The survival
diagnostic has some limitations but is useful because it is so easy to calculate.

Definition (Survival diagnostic) Let S = (x("),wgn)) be a particle set. The survival

2
diagnostic D(n) is a random variable defined by

n -1
D(n) = (Z 7r§”)2> (2.20)
=1

The intuitive interpretation of the survival diagnostic is as the number of “useful” par-
ticles in a particle set. A useful particle is one that makes a significant contribution when
a quantity ¢ is estimated as in (2.15). If, say, k of the particles have weights of almost 1/k
and the remaining particles have weights an order of magnitude or more smaller, then it’s
clear that only the k heavy particles make a meaningful contribution to (2.15). This can be
directly related to effective sample size: if the k heavy particles are essentially independent
draws from the distribution represented, then we would expect the effective sample size of
such a particle set to be about k. In general, of course, the k heavy particles will not be
independent and the effective sample size would be even less. What is the connection to the
survival diagnostic? Let us formalise the special case just discussed, so that k of n particles
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Figure 2.8: FEstimated effective sample sizes for three particle sets. X/(Sq(jn)) 18
plotted for each of the particle sets in figure 2.3, except that the deterministic particle set
(corresponding to the middle panel of figure 2.3, and labelled “half deterministic” here) is
altered so that every second particle is drawn randomly from the uniform distribution —
otherwise the effective sample size for this particle set would be infinite. The function being
estimated is ¢p(x) = x, so the particle sets are simply estimating the mean of a uniform
distribution on the unit interval. The “uniform random” set, corresponding to the top panel
of figure 2.8, is in fact the standard Monte Carlo estimator, so by definition its effective
sample size is N = n. For comparison, this is shown as a light dashed line; note that N s
a fairly noisy estimator of N but that it appears to be unbiased. The “half deterministic”
particle set has N> n, reflecting the fact that half of the particles in this set perform ezact
numerical integration of ¢(x)p(x). The “triangular random” particle set (corresponding to
the lowest panel of figure 2.3) has N < n, as we would ezpect for a stochastic particle set
with unequal weights. Each value of N here was calculated using m = 100 runs of the
particle set.
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have weight 1/k and the remaining n — k particles have weight zero. Then direct calculation
gives

& —1
D(n) = (Z(l/k)?) — k,

=1

which agrees nicely with the fact that k is a tight upper bound on the effective sample size
above, with equality holding if the particles are independent. This also reveals why D is
called a “survival” diagnostic: D gives an indication as to how many particles will survive
a resampling operation.

It is intuitively clear that in the general case (when particles can have weights other
than 0 or 1/k), D(n) is still a useful indicator of the effective sample size. In fact Liu (1995;
1996; 1998) and Kong et al. (1994) have proved this although their approximations are often
not valid for the type of particle sets encountered in tracking problems. Nevertheless it is
interesting to see the formal connection between D(n) and N (n), and this is explained in
the next section. First, however, let us consider one example.

Example The “triangular” particle set (2.13) representing the uniform distribution on the
unit interval was used to test the survival diagnostic. Figure 2.9 shows the results for various
values of n. The estimated effective sample size N (n) was calculated and plotted just as in
figure 2.8, from m = 100 simulations of the particle set. This time, however, it was done
not just for ¢(z) = z but also for ¢(z) = 2. For each of the 100 simulations, we obtain a
value of D(n) via (2.20); the median, maximum, and minimum of these 100 values are also
plotted for various values of n. The key points to note are:

e On average, the survival diagnostic overestimates the effective sample size (but ap-
pears to do so by a roughly constant multiple).

e The value of the survival diagnostic on any particular realisation of the particle set
ranges from near zero to about 0.9n; in particular, it will occasionally have a value
less than the effective sample size.

Nevertheless, the survival diagnostic is a useful tool for analysing the performance of
different Condensation techniques. It can give warning of imminent failure for instance: a
low value of D (say, below 10-20 in a real tracking problem) means almost certain trouble,
since (regardless of the actual value of N, which might be greater than D as figure 2.9 shows)
this means few particles will survive the next resampling. Moreover, the computational
effort of evaluating D is negligible so it is certainly realistic to monitor the survival diagnostic
constantly.

2.6.2 From effective sample size to survival diagnostic

This section explains why D(n) can be regarded as an estimator of A (n), under certain
assumptions. Suppose that p(x), g(x) are two probability distributions on the configuration
space X. Let S be the standard Monte Carlo particle set for p:

x" ~ p(x) (2.21)
7T,§n) =1/n
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Figure 2.9: Survival diagnostic compared to effective sample size. The survival
diagnostic D(n) and estimated effective sample size /\7(n) (for two different choices of ¢)
are plotted for the “triangular” particle set (2.13). The estimates are based on m = 100
simulations; hence the plots for D(n) summarise 100 different values. Note that on average
D overestimates N but that it does so rather noisily.

By Proposition 1, S represents p. Define another particle set S’ by
x"' ~ g(x) (2:22)
n ! n
nf" o< pl™")/a(x"™).

From one point of view, this is the standard factored sampling scenario considered by
Grenander (section 2.5) with prior ¢ and likelihood p/q, so that S’ represents ¢ x p/q = p
However, this S’ is more simply viewed as the standard Monte Carlo set for ¢, multiplied
(in the particle set sense) by the function p/q; again we conclude that S’ represents the
distribution p. Note that in much of the Monte Carlo literature, g would be called the
“proposal density” and p the posterior.

As usual, let ¢ be the quantity to be estimated via (2.15), so that

Z¢ el

A result of Kong et al. (1994) states that provided ¢ varies slowly with x

varq(S('ﬁ("))

varp(S((i)n))

~ 1+ varg(p(x)/q(x)). (2.23)
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The right hand side here can be re-expressed:

2
1+ varg(p(x)/q(x)) = Eq (%) by a simple calculation
7 2
x{™
~iym, p( zn),) as the xgn)l are drawn from ¢
q(z ) (2.24)
Rny.r, ﬂgn)l since p(xgn)l)/q(xgn)l) ~ nwgn)l
(Cor. 8 below)
=n/D(n) by the definition of D
Finally, observe that by elementary probability theory,
1
varp(Sé")) = —vary(¢), (2.25)
n
so that,
N(8,™) = % definition of A/, (2.17)
_ nvarp(Sé"))
= s by (2.25)
~ n/(1+ vary(p(x)/q(x))) by (2.23), provided ¢ slowly varying
~ D(n) by (2.24)

That establishes the connection between the effective sample size A/ and the survival
diagnostic D: if all our approximations are valid, then D is a good estimator of /. However
there are two reasons that in practice this estimate cannot be relied upon:

e The condition for (2.23) to hold, that ¢(x) must vary slowly with x, can be violated
arbitrarily badly even by everyday practical examples. Carpenter et al. (1999) give a
lucid demonstration of this in their appendix.

e The derivation was for a particle set S’ consisting of independent samples from the
proposal density. However, the Condensation algorithm uses the resampling operation
which introduces dependencies between the particles. That is why D is a meaningless
estimate of N' immediately after resampling: all the weights are equal, so D(n) = n
whereas the true value of N'(n) can be no greater than before the resampling.

This explains the difference between the graphs of D and N in figure 2.9. As already
remarked, however, the survival diagnostic remains a very useful tool for monitoring tracker
performance.

2.6.3 Estimating the weight normalisation

Here we reprove a well-known result from the Monte Carlo literature — see for example
(Geweke, 1989; Stewart, 1983) — in the framework of particle sets. This concerns the
normalisation constant for the weights in certain standard particle sets; the result was used
in the previous section and it will also be useful later.

Lemma 7 Let S be the standard Monte Carlo particle set (2.11) representing a distribution
p(x), and let q(x) be another probability distribution with the same support as p.

Then 237 | q(xgn))/p(xz(n)) is a random variable tending weakly to the constant value

1 as n — oo.
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Proof. Let X be a random variable with law p(x) and set Y = ¢(X)/p(X). Let Y1,Ys,...
be i.i.d. with same law as Y. Then 1/n>."Y; — EY by the law of large numbers, and we
have EY = [(gq(x)/p(x) p(x)dx = 1. [ ]

The Lemma can be restated in the factored sampling context:

Corollary 8 Let S’ be the standard “factored samplz'ng particle set (2.22) representing p

with proposal density q, and let Z,, = ;" 1p( )/q( ) be the normalising constant for
the weights. Then Zy/n tends weakly to 1 as n — oc. Informally, we have

p(x™)

m _1p
n q(x (n)')

~
~

Proof. This is just a rephrasing of Lemma 7 (it looks like the p’s and ¢’s are round the
wrong way, but they aren’t): consider yet another particle set S” which is the standard
Monte Carlo set representing ¢; now apply the lemma. |

2.6.4 Effective sample size of a resampled set

Since the resampling operation never generates particles in new configurations, it is clear
that the effective sample size of a particle set after resampling is never greater than before
the resampling. However, it is difficult to obtain more explicit results than this except in
certain special cases. One such case is when the particle set being resampled already has
equal weights. (Of course, you would never actually want to resample a set which already
has equal weights, since the whole point of resampling is to make the weights more equal!
But one can think of this as a sort of worst case.) The basic result is summarised by the
following

Slogan: Randomly resampling an equally-weighted set of independent particles
halves the effective sample size.

To see why this is true, let X1,...X,, be i.i.d. random variables with law p(x), and YV’
be the estimator of their mean given by

1 n
:E;Xi

Without loss of generality, EX = 0, so we have

var(X) = EX? :=
EY =EX =0
2
o
Y)=—
var(Y) -

We can think of the X; as an equally-weighted particle set consisting of independent particles
— the standard Monte Carlo set for p. Then the result of resampling the set is obtained
by setting

X; = X, with probability 1/n
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and the estimator of the mean of the resampled set is given by

1 n
Y :E;Xi.

Clearly EY* = EX™* = (0. To find the effective sample size of the resampled set, we first
need to calculate var(Y™*). We have

var(Y*) = var(E(Y*| X1, ... Xn)) + E(var(Y*|X1, ... Xn)). (2.26)

The first term here is just var(Y), or o%/n, while the second term can be calculated as
follows:

E(var(Y¥|X1,... X)) = E (var(l/nEXﬂXl, . Xn))

1 X
= B (var(z X*| X1, ... Xn))

1
= EE (V&I‘(XNXI, .- 'Xn))
1

=~ (1/n Y - Y)2)
- %E (Z(XZ? XY + YQ))

_ % S (EX? - 2B(X;Y) + EY?)
= % 2(02 —20%/n+ o?/n)
= Y0~ a?n)

2

g

=Z(-1/n)

Hence

var(Y™) _ o?/n+o?/n(1—1/n)
var(Y) a?/n

=1+1-1/n=2-1/n. (2.27)

Thus for large n, the resampled estimator has twice the variance of the original estimator
— in other words, resampling has halved the effective sample size of the particle set.

Note that this result is a particular case of the rule of thumb given by (Liu and Chen,
1995, p571). This states that if i is the resampled estimator and ji the original estimator,
and W is a random variable representing the weights of the original particle set, then

var(fi) n—1 n 1
var(i) ~ n 1+ var(W)’

(2.28)

Since in this case the weights were assumed to be equal, W = 1 so that var(W) = 0 and
(2.28) reduces to (2.27).
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2.7 A brief history of Condensation

Particle filters have been used in a diverse range of applied sciences, and the basic algorithms
were discovered independently by researchers in several of these disciplines. The generality
and ease of implementation of particle filters make them ideal for many simulation and
signal processing problems. In physics, particle filters have been used for fluid mechanics
(e.g. McKean, 1967) and statistical mechanics (e.g. Leggett, 1985), where they go by the
name of interacting particle systems. Statisticians have used particle filters for various types
of data analysis (e.g. Gordon et al., 1993; Rubin, 1988; Smith and Gelfand, 1992; Carpenter
et al., 1999) and there have also been applications in econometrics (e.g. Pitt and Shepherd,
1997). Signal processing is another fruitful field for particle filters; Doucet (1998) gives many
references to applications in this arena. Important contributions to particle filtering from a
measure-theoretic point of view have included (Del Moral, 1998), whose result on resampling
was used to underpin this chapter, and (Crisan and Lyons, 1997; Crisan et al., 1998; Crisan
and Lyons, 1999). Finally, the field of computer vision — with its intractable likelihood
functions and often complex configuration spaces — has seen an explosion of interest in
particle filters since Isard and Blake first introduced the Condensation algorithm in 1996.
Some important contributions have been (Isard and Blake, 1998a; Black and Jepson, 1998;
Heap and Hogg, 1998) and this thesis presents two more advances: a probabilistic exclusion
principle (Chapter 6) which builds on the discrete-continuous formulation of Condensation
(Isard and Blake, 1998c) and partitioned sampling (Chapter 7) which makes Condensation
feasible for multiple targets and extended configuration spaces.

The plethora of fields using particle filters and the frequent reinvention of the main
ideas make an accurate history of particle filtering a difficult if not impossible task. Doucet
(1998) and Isard (1998) both make brave attempts and so we confine ourselves here to
some brief comments. Handschin and Mayne (1969; 1970) were one set of researchers to
originate a method of sequential Bayesian filtering based on random sampling. However,
their formulation did not involve resampling, so the effective sample size of their particle
sets would have decreased rapidly to zero for any of the applications that interest us.
An algorithm incorporating resampling was popularised by Rubin (1988) under the name
“Sampling Importance Resampling” (SIR) and was put to good use by Smith and Gelfand
(1992). Gordon (1993) and Kitagawa (1996) independently applied SIR to time series data
filtering. Gordon’s algorithm is called the “bootstrap filter”, while Kitagawa (who uses the
generic term “Monte Carlo filter”) appears to have been the first non-physicist to describe
the random samples as “particles”.

In computer vision, Isard and Blake (1996) rediscovered the principles behind SIR,
and by applying these to the active contours framework which includes learned models of
deformation and shape spaces, exhibited excellent results for tracking objects in considerable
clutter. By adding a discrete variable to the state space (Isard and Blake, 1998c), they later
extended the tracking to include motion classification. Heap and Hogg (1998) used a similar
framework to cope with shape changes which are not easily modelled by the shape spaces
of (Blake and Isard, 1998), including changes in the topology of the contour. Black and
Jepson (1998) tackled the problem of gesture recognition using Condensation on optical flow
measurements. Black and Fleet (1999) were able to detect motion discontinuities accurately
by another method which also employed Condensation.
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2.8 Some alternatives to Condensation

The most easily-implemented and well-known alternative to Condensation is the Kalman
filter (Bozic, 1979). As Isard and Blake (1998a) emphasise in their original Condensation
paper, the Kalman filter makes Gaussian assumptions on the likelihood functions which
are completely inappropriate in contour tracking problems in which the background con-
tains clutter; hence the Kalman filter fails irretrievably in these situations. Some interest-
ing recent work which demonstrates the same problem for singularities and end effects is
(Deutscher et al., 1999).

Another way of stating the reason for the failure of Kalman filters in clutter is that
the Kalman filter can maintain only a unimodal probability distribution for the current
state, whereas when tracking in clutter it is essential to consider multiple hypotheses. The
extended Kalman filter (Gelb, 1974) does little to rectify this problem, since it relies on
a linearisation of a non-linear measurement model which is still not flexible enough to
entertain multiple hypotheses.

Perhaps the most frequently-asked question one is asked about Condensation is “Wouldn’t
it be easier to use a mixture of Gaussians?” It is certainly true that a mixture-of-Gaussians
approach permits multi-modal densities to be propagated over time, but an exact imple-
mentation requires an exponentially increasing number of Gaussians in the mixture. Of
course many of these Gaussians have low weights, so it is possible to prune the mixture
using various heuristics without affecting the posterior too much. However, the real prob-
lem is how to propagate the centres of the Gaussians. If a tractable form of the likelihood
function is available — in particular, if there is a way to rapidly find the peaks of the like-
lihood and the width of these peaks — there are sensible ways of doing this. But the fact
is that the likelihood functions in contour tracking problems (see Chapter 3) are not at all
tractable; they have narrow peaks at unknown locations which must be detected in spaces
of up to, say, 40 dimensions. The stochastic dynamics employed in a particle filter are the
best method I am aware of for locating the peaks in these likelihood functions.

For true devotees of Gaussian mixtures, another way of looking at this is to regard
Condensation as a crude form of mixture-of-Gaussians. By placing a Gaussian kernel with
a default covariance centred at each particle in a particle set, one obtains a Gaussian mixture
model. The resampling operation then becomes the pruning mechanism, but because of the
Condensation Theorem, we are guaranteed that our pruning “heuristic” is asymptotically
correct.



Contour likelihoods

Image processing operations often produce a list of detected features. To perform inference
on these outputs, we need a probabilistic description of how these features are generated.
Such descriptions are often called generative models. Printed character recognition provides
a simple example (Hinton et al., 1992): we can think of an actual typeset character on
the page as the result of combining a perfect copy of the character with some ink spatter.
A generative model for printed characters must therefore specify the ideal version of the
character and the details of how ink spatter is produced. The type of generative model
used in image analysis depends on the application. Mumford (Mumford and Gidas, 1999)
gives a useful taxonomy into models for image textures (Geman et al., 1990; Zhu et al.,
1997), for decomposition of an image into regions (Geman and Geman, 1984; Mumford
and Shah, 1989), for grammatical parsing of shapes (Fu, 1982), for template matching, for
disparity maps, for specific tasks such as face recognition (Hallinan et al., 1999; Leung et al.,
1995), and for the application that interests us here, namely contours (Grenander et al.,
1991a; Mumford, 1993). The choice of model must be governed both by tractability (can
we compute with it, and can we do so sufficiently fast?) and by realism (does the model
accurately capture the essential features for our application?). Since one of our goals is to
perform inference on video sequences in real time, ease of computation is crucial.

3.1 A generative model for image features

Recall our paradigm for measuring images, introduced in section 1.2.3. Only a set of certain
line segments in the image is analysed; the chosen line segments are called measurement
lines, and some simple image processing is performed on each measurement line to determine
the positions of some features which correspond to edges in the image. For each feature
there are precisely three possibilities: (1) the feature corresponds to the edge of a target
object (these features are useful to us — they can be used to infer the configuration of a
target); (2) the feature corresponds to something in the interior of the target (these features
may be useful to us, depending on how much we know about what the interior of the target
should look like); (3) the feature corresponds to part of the background (these features are
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not useful to us — they are distractions). Our generative model must specify how all three
types of features arise, and involves the following fundamental assumptions.

Edge of target object Suppose a given measurement line of length L intersects the target
object’s boundary, as in figure 3.1(a). Then we expect a feature to be reported near
this boundary. The feature will not, however, be precisely at the intersection of the
target boundary and the measurement line. The main reason for this is that our
model of the target’s shape is idealised: the target position x is an element of a shape
space which only approximates the actual observed shape of the object in an image.’
If z is the position of the detected feature, and v the position of the intersection
(figure 3.1(a)), our generative model makes the following

e Assumption 1: zis drawn randomly from a density G(z|v), called the boundary
density function.

Throughout the thesis we take G to be a truncated Gaussian centred on v:

EAC T
Gl = const X exp(—%(zo_;) ) ifze€ [(.),L]
0 otherwise
where the constant is chosen so that G integrates to 1, and o is estimated from a
template by the maximum likelihood technique described in (North, 1998). A typical
value is o = 7 pixels.

Edge of target object: non-detection probability. Suppose again that a given mea-
surement line intersects the target object’s boundary. Occasionally, as in figure 3.1(b),
it will happen that no feature corresponding to this intersection is detected. This
could be caused by the background having insufficient contrast with the target. Our
simplest generative model assumes that

e Assumption 2: there is a fixed probability go; that a single target boundary
feature will not be detected.

The notation gg1; is a mnemonic for the probability of detecting 0 target boundary
features out of the 1 which was expected. Thus ¢11 = 1 — qo1 is the probability of
detecting 1 target boundary feature when 1 is expected. Chapter 6 will consider the
possibility of more than one target boundary occurring on a measurement line, and
Chapter 5 explains how we can allow “non-detection” events to incorporate occlusions,
by allowing for statistical dependence between the measurement lines.

Distribution of background clutter features If a measurement line does not intersect
a target, and lies entirely in the background (figure 3.1(c)), then any features detected
on it are assumed to be generated by a generic background distribution. Suitable
background models are discussed in section 3.2.1, but for now we specify the two
basic assumptions for the simplest generative model:

!Examples of this type of approximation include the use of 2D affine transformations for a distant rigid
planar object moving in 3D, or more generally assuming only rigid transformations for an object which may
exhibit small non-rigid deformations.
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Figure 3.1: PFundamental assumptions for the generative model. FEach diagram is a
schematic close-up of just one measurement line, demonstrating one of the three fundamental as-
sumptions in the generative model. The solid circles are features detected on the measurement line
— in practice these would be, for example, the locations of mazimal grey-scale gradients over a given
threshold. (a) The vertical curve is a part of the target object’s idealised boundary, with the interior
of the object being on the left. In general we expect to find a feature near the intersection of this
boundary with the measurement line; the precise position of such a feature is generated by drawing
from a distribution G(z|v). (b) However, occasionally the boundary of the target will not be detected
as a feature (perhaps because the grey-scale of the background is too similar to the target ot that
point). This event is modelled by a non-detection probability go1. (c¢) If no target is present, all
features arise from random background clutter. Our simplest generative model states there is a prob-
ability b(n) that n features are detected, and the positions of these features are uniformly distributed
on the measurement line.



Chapter 3. Contour likelihoods 40

e Assumption 3: There is a fixed probability b(n) of detecting n clutter fea-
tures on a measurement line. In general, b(n) depends on the length L of a
measurement line, and to emphasise this we sometimes write bz, (n).

o Assumption 4: The positions zi, 29, ... 2, are uniformly distributed over the
measurement line.

Distribution of interior target features Often, part or all of a measurement line lies
in the interior of a target (figures 3.1(a) and (b)). Clearly, it would be a good idea
to have a separate generative model for features detected on the interior portions of
measurement lines, but this must be based on knowledge of the target’s appearance.
Sometimes this is not available, and we instead adopt the following assumption.

e Assumption 5: Interior features are generated by the same model as back-
ground features.

An intuitive justification for this would be: “The generative model for the background
describes the occurrence of features on all objects in the universe. The target is an
object in the universe, so the same generative model should describe occurrences of
features on it.” Nevertheless, the target has a special status in our formulation of the
universe, so it could be argued that it deserves a special model; section 3.1.3 addresses
this by describing one such model for the target interior.

Independence of distinct measurement lines Features detected on the 1-dimensional
measurement lines are a function of a 2-dimensional spatial process, the image it-
self. Thus we need to specify the statistical relationship between features on different
measurement lines. The simplest generative model makes the following assumption.

e Assumption 6: Feature outputs on distinct measurement lines are statistically
independent.

Section 3.2.2 explains why this assumption is appropriate for the problems tackled in
this thesis. Essentially, it can be shown that features on measurement lines separated
by a normal displacement of more than 30 pixels have negligible correlation. Chapter 5
gives the details of a more sophisticated model which permits dependence between
the measurement lines.

3.1.1 The generic contour likelihood

In this section we formalise the notions of the generative model introduced in the previous
section, and derive a probability density function for features produced by the generative
model. First, the concepts of “intersection number” and “intersection innovation” are in-
troduced.

Definition (Intersection number) Let x € X be an element of the shape space, and
let L1,...Ly be the M measurement lines to be processed for a given image. Then the
intersection number of L; with x, written cx (i), is just the number of points at which the
line segment £; intersects the contour corresponding to x. If x or 7 is clear from the context,
it can be omitted.

Definition (Intersection innovation) Suppose the measurement line £; has intersection
number cx (i) with configuration x. Then the intersection innovation of L; with x, written
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v«(1), is just the set of Euclidean distances from the intersections to the start of the mea-
surement line.? Again, if either x or 4 is clear from the context, it can be omitted. Note
that if cx(i) = 0, then vy () = 0. If cx(i) = n > 0, we often write v as {v1,...vp}.

Example Figure 3.2 gives an example showing intersection numbers and innovations.

X

/

Figure 3.2: Intersection numbers. A sparse set of measurement lines is shown near
a contour x. Dotted lines have intersection number 0 with x, whereas solid lines have
intersection number 1. Intersection innovations v are shown for two of the measurement
lines. (In practice, the set of measurement lines would be more dense than shown here —
see section 3.2.3.)

The pdf for the generative model will be derived first for the output z of just one mea-
surement line of length L. For a given target configuration x, there are two possibilities we
wish to consider: the measurement line may have intersection number ¢ = 0 or ¢ = 1. (In
principle, higher intersection numbers are possible but this is very rare for short measure-
ment lines used in practice and we prefer to neglect the possibility at this stage. Chapter 6
considers ¢ > 1 in the more natural setting of multiple targets.) For the simplest case, in

2Recall from the footnote on page 6 that measurement lines have an orientation, so the “start” of the
line has a well-defined meaning here.
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which the detection probabilities g.. are equal to 1, these densities are denoted p.(n;z), or
pc(n;z|v) when the intersection innovation is non-empty. The following proposition gives
formulae for the p..

Proposition 9 Suppose the non-detection probability qo1 = 0. Then the probability density
functions for the generative model on a single measurement line of length L are given by

po(n;z) = b(n)/L"

pi(n;zlv = {11}) =b(n —1) G(z|v1) /L1 (3.1)
k=1

Remarks. Because of the discrete parameter n which indicates how many arguments z;
follow, the functions p. are not quite probability density functions in the standard sense.
However, this is a technical detail which can be avoided by explaining the notation more
clearly. For example, po(n;z1,...z,|v) is just shorthand for po(z1,... zn|n,v)p(n), so that
po(n; z1,...2,)dz1 .. . dz, is just the probability of obtaining n features and that these fea-
tures lie in the volume dz; ...dz, centred on z = (z1,... z,).

Another subtle point is that each z; is a point in the image, which would normally be
described by an z and y coordinate. However in this context the features are constrained
to lie on the measurement line, which is a one-dimensional subset of the image. So the
notation dz; refers to a small one-dimensional subset of the image.

Proof. The formula for pg follows almost immediately from the assumptions. By definition
there is a probability b(n) of obtaining n features, and these are distributed uniformly on
the length L of the measurement line. Hence po(n;z1,...2zn) = b(n)/L".

The formula for p; relies on a simple combinatoric argument. First note the generative
model described above is equivalent to the following: (i) The number of background fea-
tures, say m, is selected with probability b(m) (Assumption 3). (ii) The positions of the
background features are drawn from the uniform distribution on the measurement line, ob-
taining say by, ... by, (Assumption 4). (iii) The position a of the boundary feature is selected
by a random draw from G(a|v) (Assumption 1). (iv) The total number of features n is set
to m + 1, and the vector (a,b1,...by) is randomly permuted and reported as (z1,...zp)-
In mathematical terms, we can say that a permutation p is selected uniformly at random
from the symmetric group S,, and applied to the vector (a, by, ...by).

After stage (iii), the pdf p(m;a, by, ... by|v) of the unpermuted vector is just

b(m)G(alv)/L™,
and since each of the n! permutations has an equal probability we calculate

Pzl = () = by 3 SO L

PESH

—b(n—1) zn: G(zxln)

nLn—l
k=1

n!

where the last line follows by collecting together the (n — 1)! permutations which leave zy
fixed. |
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For the general case, in which the non-detection probability ¢g; can be positive, the pdf
for the generative model is written as p.(n; z), or p.(n; z|v) when the intersection innovation
is non-empty. The next proposition gives the appropriate formulae.

Proposition 10 The probability density functions for the generative model on a single
measurement line of length L are given by
Po(n;z) = po(n; z)
p1(n;z[v) = qo1po(n; z) + quipi(n; z|v) (3.2)
Proof. Invoking Assumption 2 about the “non-detection event”, this is a trivial application
of conditional probability to the pdfs in Proposition 9. |

A typical graph of pi(n;z|v = {v}) considered as a likelihood function (i.e. fixed n,z
and varying v) is shown in figure 3.3.

G(z=0|v)

p1(n;z|v)
go1b(4)
L -
0 7 2 Z3 4
v v

Figure 3.3: 1-target likelihood function for a single measurement line. Left: The
boundary feature distribution G(z = O|v). Right: The 1-target likelihood function pi(n;z|v)
graphed with respect to v. The likelihood is a linear combination of shifted copies of G(z|-)
and of the constant po. It peaks near the 4 measurements z; (shown as shaded circles).

Of course, Propositions 9 and 10 discuss the case of only one measurement line, whereas
we need a density for the measurements Z = (z(V), ... z(M)) on M measurement lines. How-
ever, our assumption of independence between measurement lines makes this an elementary
extension. This is confirmed by the next proposition, which also serves as a definition of
the generic likelihood function.

Proposition 11 (Generic likelihood function) Suppose a set of measurement lines L1,
... L has intersection numbers cx(1), ... cx(M) and intersection innovations v (1), ...
vx(M) with a configuration x € X. Then the generic likelihood function for the measure-
ments Z = (zV),...z(M)) s

M

Pgen(Z|X) = Hﬁcx(z)(z(z)lux('l)) (3.3)

i=1

Proof. This follows immediately from Assumption 6 (independence of measurement lines)
and the pdfs for single measurement lines given in Proposition 10. [ |
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3.1.2 The Poisson likelihood

Section 3.2.1 will discuss background models in more detail but it will be useful to introduce
one special case now: the spatial Poisson process. If the background features (and, by
Assumption 5, the interior features) arise from a Poisson process then the likelihood of the
measurements takes on a particularly simple form. To see this, adopt

e Assumption 7: The background features on a 1-dimensional measurement line
obey a Poisson law with density A. That is,
(AL)"

br(n) = e_’\LT.

Then it is easy to check that the densities (3.2) for a single measurement line become

- e Mn
po(mz) = S
iy
e AL\n - 1 1 (zk — 1/1)2))

5 (n:zly — — a _Z
pl(n7z|u - {Vl}) - n! (qol + )\ et \/ﬂ@' eXp( 2 0.2

where the boundary density function G has been explicitly written out as Gaussian3. Thus
with the extra Assumption 7, the generic likelihood function Pge, defined in (3.3) becomes
the Poisson likelihood function:

M AL yn n; (4) N
e A q 1 1 (2" —vx1(g
Poisson () = (H T) 11 <q°1 S el et )) -
i - i V2mo

i=1 jst.oex(d)=

(3.4)

(Here n; is the number of features detected on the ith measurement line. As remarked on
page 41, we continue to neglect the possibility that cx(j) > 1.) The importance of this
expression is that it can be computed almost effortlessly. The first factor is a constant
(remember, we are treating this function as a likelihood, so Z is fixed and x varies) and
need not be computed at all. The second factor is easy to compute as it is, but one can
gain even more speed by approximating the sum by its largest element — with ¢ = 7 pixels
it is very rare for more than one feature to contribute significantly. Writing dpin(7) for the
distance on the ith measurement line from the target intersection to the nearest feature,
this leaves us with

Ppoisson (Z|x) = const. x H Qo1 + q11 exp(_ldmin(i)Q) _
o V2woA 2 o2

meas. lines 7
intersecting x

The numbers appearing in the product can be cached for a suitable discretisation of dpiy,,
so that the log likelihood can be evaluated (up to a constant) very rapidly, as the sum of
at most M pre-computed constants.

Note that the Poisson likelihood Ppeisson is precisely the one used by Isard and Blake
(1998a) in the original Condensation paper.

3A minor approximation was adopted here: recall that the boundary density function is actually a
truncated Gaussian, so the normalisation constant is not quite equal to 1/v/2ma. Of course the true value
of this constant can be calculated numerically if desired.
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3.1.3 The interior-exterior likelihood

One of the assumptions adopted to derive the generic likelihood Pge, was that features
detected in the interior of an opaque target obey the same generative model as those in the
exterior.* In the absence of a more specific model of the target interior, this is reasonable
enough, but one feels that useful information is being thrown away by adopting such a
generic approach. So this section attempts to answer the question: is there a simple way to
model the target interior? The answer is yes. Moreover, by adopting the model suggested
here, the power of the likelihood function to discriminate targets from clutter is increased.
The proposed model for the interior replaces Assumption 5 by

e Assumption 8: Interior features are generated by a Poisson process. The density
of the process varies slowly enough that it can be treated as constant over the length
of a measurement line.

For a concrete example, look back to figures 3.1(a) and (b), page 39. Our new assumption
means that the features labelled there as “internal” are generated by a Poisson process
whose density depends on the location of the measurement line relative to the target. Note
that we do allow a different density on each measurement line — the Poisson density is
only assumed constant along the interior portion of each single measurement line. This is
important in the cases considered later. For example, if the template is the outline of a
head as in figure 4.4, page 69, the subject’s eyes cause features to be detected on certain
measurement lines and this is incorporated into the interior model.

Focus now on a single measurement line of length L, intersecting the target x at a
point where the density of the internal feature process has been learnt as y. (A simple
way to learn y is described later.) Suppose a length a of the measurement line is actually
in the interior of the target. Write f,(m) for the probability that m features are detected
on the interior portion of the measurement line. The mnemonic here is that f stands for
foreground; compare with b(n) (introduced in Assumption 3) which stands for background.
By our new assumption, we have

fa(m) = exp(—ap) (a:j!m

Note that the generative model for a measurement line with intersection number ¢ = 1 and
intersection innovation v = {v} is now equivalent to

1. Draw a randomly from G(a|v). (So a is the reported innovation of the target.)

2. Draw d randomly from the set {True,False} with probabilities g1, go1 respectively.
(So d expresses whether or not the boundary was detected).

3. Draw m randomly from f,(m), and draw ¢y,... ¢, from Rect][0,a]. (So m is the
number of interior features, and ¢y, ... ¢, are their innovations.)

4. Draw n randomly from by_,(n), and draw fi,...S, from Rect[a,L]. (So n is the
number of exterior (clutter) features, and i, ..., are their innovations.)

5. If d is True,

4 Assumption 5, page 40.
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(a) Set N=n+m+1. (So N is the total number of features found.)
(b) Reorder (a, 1, ... ¢m,01,---Fn) as (z1,...2n) by a random permutation.

otherwise

(a) Set N =n+m. (So N is the total number of features found.)
(b) Reorder (¢1,...bm,01,---0n) as (21,...2zy) by a random permutation.

6. Report (N;z1,22,...2N).

This is called the interior-esterior generative model. The density function corresponding to
this model is called the interior-exterior likelihood, and an explicit formula for it is given
by the next proposition.

Proposition 12 (Interior-exterior likelihood) Suppose that a given measurement line
has length L, intersection number 1, intersection innovation v and features generated by
the interior-exterior model above. Let pi®(N;z|v) be the likelihood for these features. For
a fized z = (z1,...2n), choose indices iy, such that z;; < zj, < ... < z,. Without loss
of generality, the measurement line is oriented so that it begins inside the target and ends
outside it (so that, for example, z;, is the most interior feature). Then

(a) The likelihood given the boundary was detected is

N-1 .
pile(N; z|lv,d = True) = Z fzi’]’:]“ (m) bL_zim+1 (N—m—1) g(zlm+1 |v)
m=0 (m) (N - m)(L ~ Rimg1 )N_m_l (Zim+1)m

(b) The likelihood given the boundary was not detected is

Z 1 /ZZim+1 fa(m) bLfa(N_m) g(a|1/) da,

(6] C—a

p®(N;z|v,d = False) = ~
m=0 (m)

where z;y :== 0 and z;,,, = L.
(¢) The unconditioned likelihood is

pif(N; z|v) = q01pi1e(N;z|1/, d = False) + q11 pile(N;z|1/,d = True)

If instead the measurement line has intersection number zero, then the likelihood p})e s the
same as the generic likelihood pgy (3.2).

Proof. (a) and (b) are proved in appendix A.2, and (c) is a trivial consequence. For the
final part, just observe that when the crossing number is zero, the generative models for
(3.2) and pj are the same. [ |

By invoking the assumption of independence between measurement lines (Assump-
tion 6), the likelihood for multiple measurement lines can be defined in the same way
s (3.3). Specifically, define the interior-exterior likelihood function for measurements
Z = (zV,...2(™) as

Pint—ext Z‘X Hp (Z ‘Vx )) (3'5)
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3.1.4 The order statistic likelihood

This section introduces yet another likelihood for contours: the order statistic likelihood.
The motivation for this is threefold:

1. To obtain a likelihood based on the same assumptions as the generic likelihood (As-
sumptions 1-6), but with a simpler functional form.

2. To demonstrate a method of deriving likelihoods which does not depend on the dis-
tribution of background features being uniform (Assumption 4).

3. To obtain a likelihood for which the dimensionality of the measurements is fixed.

This is achieved by ignoring some of the measurement information. Consider our feature
detector, which for each measurement line reports the number 7 of features found and their
positions z = (z1,... z,). Instead of this, imagine that for a measurement line of length L,
the detector reports only:

e the number of features found, n, and
e the displacement z = d,;; of the most central feature from the centre of the line:

dpin = arg m.in |ZZ - L/2|
i

That explains the name of this section: the unique z reported by the feature detector is
actually dmin, the first order statistic of all detected features (when they are ordered by the
absolute value of their displacement from the centre of the measurement line). The likeli-
hood functions for the reported values (n; z) are denoted as in section 3.1.1: p.(n;z|v) is the
likelihood for a measurement line with intersection number ¢ and intersection innovations
v. As in the rest of this chapter, we defer the case ¢ > 1 to Chapter 6; this means that v
is either the empty set (if ¢ = 0), or a singleton {v} (if ¢ = 1). The next proposition gives
formulas for the order statistic likelihood function. It is convenient to shift the standard
variables for this proposition, writing 2’ = z — L/2 and v/ = v — L/2.

Proposition 13 (Order statistic likelihood function) Suppose a feature detector re-
ports the number of features n and first order statistic z described above on a measurement
line of length L. Also suppose the features obey the generic generative model of section 3.1.1,
except that qo1 = 0, so that the target boundary feature is always detected. Then if the in-
tersection number of the line is zero, the likelihood is given by

b(0) ifn=0
mbm) (1 —22//L)"L ifn>1

If the intersection number is 1, then for the particular case that v' = 0 we have

0 ifn=20
b(0)G(Z'|v' = 0) ifn=1

pi(n; 2| = 0) = { b(n) (1 - %)n_Q ((1 — 2%) G| =0)+

_ 2! zfnZQ
2(7271) (1—/ g(z|1/:0)dz))
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Proof. The standard way to calculate the distribution of order statistics is to find their
cumulative density functions and then differentiate (Ripley, 1987).

In this case it is a rather routine calculation. When ¢ = 0, all n features are distributed
uniformly on [0, L] so Prob(z’ > y) = (1—2y/L)"™. Thus the cdf C(y) = Prob(z' <y) =1-—
(1 —2y/L)", and differentiating gives the result. The case ¢ = 1,n = 0 has zero probability
since a target boundary is present and we have assumed a non-detection probability of zero.
When ¢ =1 and n = 1, 2’ is distributed as G by assumption so we are done. That leaves

the case ¢ = 1,n > 2. In this case, Prob(z' > y) = (1 — 2y/L)"! (1 — fi’yg(y')dy’). The
cdf C(y) = Prob(z' <y) =1 — Prob(z' > y) and differentiating gives the stated result. W

These likelihoods can be mixed in the usual way (Proposition 10) to produce likelihoods
with non-zero non-detection probabilities: pyo = po,P1 = qgo1po + q11p1- And by invoking
independence between measurement lines we get a likelihood Pyrq-stat (Z|x) defined in the
same way as Pgen (3.3).

Note that the proposition requires the intersection innovation to occur precisely at the
centre of the measurement line (v = L/2, or v/ = 0). This is partially for convenience; one
can still write down the likelihoods for other values of v but they are rather messy piecewise
functions. However, this special case is not as restrictive as it might seem: the case v = L/2
is particularly useful since when the measurement lines are attached to the contours (see
section 3.2.3), every measurement line has v = L/2.

It was claimed at the start of this section that the order statistic likelihood would permit
more general assumptions about the placement of clutter features: that is, more general
than Assumption 4 which states the clutter features have a uniform distribution over the
length of the measurement line. Although the proposition does adopt Assumption 4, it is
easy to see how to adapt it for other background distributions, provided only that their
cumulative density function is easy to calculate.

3.1.5 The contour likelihood ratio

An important advantage of the generative models described in this chapter is that they
specify the likelihood of background clutter, as well as the likelihood for the target object.
Thus one can calculate a likelihood ratio to test the hypothesis that the target is present
against the null hypothesis that the measurements were generated by random background
clutter. First we must specify exactly what is meant by the likelihood of background clutter.

Definition (Background likelihood) Fix a generative model for the image features
Z = (z,...2M)) detected on M measurement lines. Then the background likelihood B(Z)
is just the likelihood of Z given that no target is present.

The fact that no target is present is equivalent to the intersection number of every
measurement line being zero. So if, for example, the generative model is the generic one of
section 3.1.1, we can define the generic background likelihood by

M .
Byen(Z) = [ po(2). (3.6)
=1

Similar definitions apply for the other generative models discussed in sections 3.1.1-3.1.4,
yielding Bpoissona Bint—ext and Bord—stat-

Now we have formal expressions for the likelihood that a contour is present in a con-
figuration x, and the likelihood that it is not present at all. A natural step is to compare
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the two possibilities in a likelihood ratio. This is formalised in the definition of the contour
likelihood ratio.

Definition (Contour likelihood ratio, CLR) Fix a generative model for the image
features Z = (z),...z(M)) detected on M measurement lines. Let P(Z|x) denote the
likelihood for configuration x € X and B(Z) be the background likelihood. Then the
contour likelihood ratio (CLR) is defined to be

(3.7)

When Z is clear from the context, we omit it and write R(x).

The contour likelihood ratio should be used with care, since the two models it compares
(presence of target vs absence of target) have different numbers of parameters. In particular,
the CLR should not be used for model selection. An information criterion such as AIC
(Akaike, 1974) or one of its variants would be more appropriate, since these measures
penalise models which have more free parameters.

3.1.6 Results and examples

Figure 3.4 gives examples of contour likelihood ratios on real images. The images themselves
are shown in figure 3.5. The target object, part of the boundary of a mouse, is assessed
firstly in a plain background and then in a cluttered one. In each case, the log of the contour
likelihood ratio is plotted for each of the 4 generative models discussed in this chapter®. The
template, defined manually to be in the correct configuration, was offset by up to +20 pixels
in the z-direction only. For each offset value 7, the image is measured obtaining the results
Z;, so that the final plot is of

log Rz, (x shifted in z-direction by 7 pixels).

Some readers will be perplexed at the fact that measurements Z; depend on the offset;
this is the result of using measurement lines which are attached to the contour rather than
fixed in the image. Section 3.2.3 describes why the dependence of Z on ¢ is an acceptable
approximation to having a single Z which is independent of the hypothesised configuration.

The differences between results for the various generative models reflect the assumptions
which are made for these models. For instance, the interior-exterior likelihood produces the
most confident interpretation of the template (that is, the highest likelihood ratio). This
is because it employs the most specific information about the template — it incorporates
knowledge of the occurrence of features in the interior of the mouse. On the other hand,
the order statistic likelihood gives the least confident interpretation. This is because it
uses only part of the measurements Z — namely, the most central feature detected on
each measurement line, together with the number of features detected. With a plain back-
ground (figure 3.4a), this turns out to be almost identical to the Poisson likelihood. A little
thought reveals that this is correct: in an uncluttered environment, most measurement lines
report only one feature (the target boundary), so the Poisson likelihood and order statis-
tic likelihood end up making inferences on the same basis. In the cluttered environment
(figure 3.4b), the Poisson likelihood makes more complete use of the measurements and
produces a more confident interpretation of Z than the order statistic likelihood.

SFor the generic likelihood, the background probabilities b(n) were set to 1/20 for n = 0,1,...19 and
zero otherwise. This is what the legend label “uniform background probabilities” refers to. See section 3.2.1
for a discussion of this point.
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Figure 3.4: Contour likelihoods. A template placed on the mouse in each of the images in
figure 8.5 was offset in the x-direction only, and the various contour likelihoods calculated for each
offset. Panel (a) shows the results for the plain background (figure 3.5a); (b) show results for the
cluttered background (figure 3.5b). Note that these are graphs of log-likelihood ratios. Hence the x-
intercepts are positions where the measurements reflect the background clutter model and the target
model equally well. The likelihood ratios for the cluttered case are more noisy than for the plain
background, but have approzimately the same shape (the systematic offset of the peaks is due to the
high density of clutter features just to the left of the mouse). In particular, the x-intercepts which are
the boundary between “target-like” and “clutter-like” regions remain the same (within a tolerance of

around 5 pizels) for both the plain and cluttered backgrounds.
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(a) plain (b) cluttered

Figure 3.5: Images used for comparison of contour likelihoods.

Intuitive interpretations

Some of the expressions for contour likelihoods look a little messy.® In simple cases, however,
the formulae can be given intuitive interpretations which have the flavour of combinatorics.
Take the interior-exterior likelihood as an example, and consider a special case in which
go1 = 1 (so the boundary of the target in never detected — inferences will be performed
only on the distribution of interior and exterior features). Let the boundary density function
G(z|v) be a Dirac delta function centred on v (this corresponds to a regarding the shape
space as a perfect model for the target object and the edge detector as having no smoothing
effects). Then it is easy to check the likelihood pi¢(N; z|v, d = False) given in Proposition 12
reduces to

. 1
pllntfext(N’ Z) — ﬁexp(—l/(# — A) — LA)um)\me,

where m is the number of elements of z less than v, u is the density of the interior Poisson
process and A the density of the exterior or clutter process. The background likelihood
remains the one given by Assumption 7:

int—ex exp(—LA)AN
(N, 7) = TREIAAT

Taking the ratio of the last two expressions we find that

PP (N, 2)

- = —exp(—v(u— A A)™, .
pbnt—ext(N, Z) p( (,U/ ))(N/ ) (3 8)

which is just the likelihood ratio for two one-dimensional Poisson processes with densities
i, A on a length v — precisely the interior-exterior model for the interior part of the mea-
surement line. The exterior part of the line does not play a role in this likelihood ratio

5Why should we care about this? One answer was given by G. H. Hardy who counselled “There is no
permanent place in the world for ugly mathematics” in his A Mathematician’s Apology (1940) .
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since the behaviour of features in that region is the same under the “clutter” and “target”
hypotheses.

3.2 Background models and the selection of measurement
lines

An advantage of the measurement line approach is that it reduces the problem of analysing
a 2D image to that of analysing several 1D measurement lines. As will be argued in
section 3.2.2, the statistical processes generating features on different measurement lines
can be treated as independent, which is why the generative models of the last section
needed only to specify such processes on 1D subsets of the image.

3.2.1 Discussion of the background model

Recall that the numbers b(n) specify the probability of obtaining n features on a measure-
ment line positioned randomly on the background, and that these probabilities are learnt
from typical training images. Of course this innocuous statement conceals a perennial prob-
lem in computer vision: how does one characterise a “typical” image, and even worse, how
does one specify a prior for such images? Even when an image is reduced to the simple level
of one-dimensional features, there is no straightforward answer to this question. However, it
turns out the tracking and localisation systems described in this thesis are extremely robust
to the choices of b(n). Indeed, we routinely set b(0) = b(1) = ... = b(nmax) = 1/(1 + 7max)
for some npmax, with b(n) = 0 when 17 > npax. For measurement lines of 40 pixels, and
an edge convolution operator with weights (—0.375, —0.625,0,0.625.0.375), one can take
Nmax = 20 and obtain results indistinguishable from when the b(n) are learnt from the
entire sequence to be tracked. Another simple approach which gives equally good results
in all our experiments is to learn the b(n) from the first image of the video sequence to be
tracked. Note that the numerical outputs can differ greatly for different choices of the b(n):
for instance, the only difference between the generic and Poisson results in figure 3.4 lies
in the choice of the b(n). The robustness in tracking referred to above is an empirical fact
which was observed despite these differences.

An alternative approach to modelling the occurrence of background features is the care-
ful use of a Kalman filter framework to disregard spurious features (e.g. Peterfreund, 1998),
but in order for this to work in cluttered backgrounds, one needs much more accurate
dynamical models than those available in the type of problems considered here. Other re-
searchers explicitly adopt a uniform distribution on the b(n) (e.g. Lowe, 1992), as suggested
above.

Our second assumption about random background clutter features is that their positions
are drawn from a uniform distribution. What is the corresponding assumption about 2D
image features that would make this true? It would certainly hold provided the positions of
all edgels of a given orientation were also distributed uniformly. We find this is sufficiently
true over the small regions (scale around 40 pixels) occupied by the measurement lines,
but it is clear that this approximation is unsatisfactory for larger regions. Further work is
needed here: perhaps the recent ideas on filters and scale-invariance (Gidas and Mumford,
1999; Zhu et al., 1998) can be applied to obtain a more coherent theory.



Chapter 3. Contour likelihoods 53

3.2.2 Independence of measurement lines

The likelihood functions of this chapter were all derived by invoking Assumption 6, that
feature occurrences on distinct measurement lines are statistically independent. Of course
this is only approximately true, since there are generally continuous edges in the back-
ground as well as on the boundary of the target object. There have been some attempts to
allow explicitly for this type of dependence — for example, the Markov contour likelihood
described later in Chapter 5, or Markov random fields in general (Winkler, 1995). How-
ever, these are too computationally expensive for tracking tasks and in any case we find
the independence approximation is acceptable if the measurement lines used for inferences
are sufficiently far apart. A separation of 30 pixels is generally sufficient for the standard
edge convolution operator described above, and this can be seen from figure 3.6. This figure
shows the autocorrelation of a random process z(d) defined as follows (see also figure 3.7).
First, randomly position a measurement line, uniformly in position and orientation, on a
typical background image. Apply a feature detector, select the closest feature to the centre
of the measurement line, and define 2(0) to be the offset of this feature. The value of z(d)
is defined by first displacing the original measurement line a distance of d pixels in the
direction of its normal, then applying the feature detector and setting z(d) to be the offset
of the most central feature.

A

10 autocorrelation
R(d)

0.8

0.6

0.4

0.2

A A
"
10 20 30 40 50

displacement d (pixels)

Figure 3.6: Feature autocorrelation is low for displacements of more than 30
pizels. This is our justification for treating distinct measurement lines as statistically
independent. The random process x(d) whose autocorrelation is graphed here is described
in the text and figure 3.7, and the autocorrelation function is defined as usual by R(d) =

(Elz(d)z(0)] — E[z(0)]*)/(E[z(0)*] — E[z(0)]*).

As the graph shows, the autocorrelation of the most central feature on a measurement
line drops to essentially zero after the measurement line has been displaced by 30 pixels. Of
course, this does not prove the independence of the responses: even if the autocorrelation
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Figure 3.7: Investigating feature correlation. The top solid black line is a measurement
line positioned randomly on a typical background image. The value of the random process
z(d) is the offset of the most central detected feature after the initial measurement line has
been displaced by d pizels in the direction of its normal.
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was precisely zero, it would only show that the moments E(x(d)z(0)) and E(z(d))E(z(0))
are equal. True statistical independence follows only if E(z(d)*z(0))) = E(z(d)")E(z(0)%)
for all positive i, j. Nevertheless this empirical result is good evidence to justify our ap-
proach, provided the measurement lines are separated by a normal distance of 30 or more

pixels.

3.2.3 Selection of measurement lines

Often we need to perform Bayesian inference on the image, based on the measurements
Z of several hypothesised configurations xi,...x,. For Bayes’ Theorem to be valid, the
set of measurement lines from which Z is obtained must be fixed in advance. However,
it is sometimes convenient to allow the precise choice of measurement lines to depend on
the configuration x, as in figure 3.8(a). This approach was often adopted in this thesis for
ease of implementation. When the x; are tightly clustered, the technique of allowing the
measurement lines to vary with x turns out to be a close approximation to the statistically
correct method of using fixed measurement lines.

A simple experiment was performed to provide evidence for this claim. Figure 3.8 shows
the two regimes of measurement lines, termed “fixed” and “attached” respectively. The
mouse-shaped template shown was offset by up to +20 pixels and the Poisson likelihood
Ppoisson calculated for each regime. The results are shown in figure 3.9. For the fixed
measurement line regime, the measurements Z are made only once; the graph then consists
of plotting

constant X Ppoisson(Z|x shifted in z-direction by )

for each value of the offset i. The constant is chosen so that the area under the final graph
is 1. Another way of thinking of this is that we have calculated the posterior based on an
application of Bayes’ rule with a uniform prior.

For the attached measurement line regime, things do not work out so cleanly. To use
Bayes’ rule, one should have a fixed set of measurements Z, whereas in fact we now have
a different set of measurements Z; for each offset i. Nevertheless, we might hope that the
information conveyed by each Z; is roughly the same: this will certainly be true for small
offsets 7. In other words, the inferences performed using a given set of measurement lines
yield almost identical results to inferences performed using the same set of measurement
lines shifted by a few pixels. Hence, one could hope that plotting

constant X Ppoisson (Zi|x shifted in z-direction by 4)

(where the constant is calculated to give the graph area 1) would give similar results to the
fixed measurement line regime. Figure 3.9 shows that this hope is justified: the posteriors
produced by the two methods are very similar. In fact I suspect that the slight differences
in the two graphs are not due to the “fixed vs attached” approximation, but rather because
there is no convenient way to precisely enforce the same separation between measurement
lines in the two cases. The grid of fixed measurement lines has a spacing of 30 pixels. The
attached measurement lines have a spacing similar to this but it varies slightly due to the
parameterisation of the spline template, as can be seen from an examination of figure 3.8(a).

Another interesting point to note in these graphs is that they are approximately Gaus-
sian with an implied standard deviation of 4.5 pixels. The boundary density function” had a

" Assumption 1, page 38.
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standard deviation of ¢ = 7 pixels for these calculations, but the inferences were aggregated
over more than 15 different measurement lines, so one might expect the standard deviation
to be reduced by a factor of around 4. In fact several aspects of the model militate against
this. Not all measurement lines are equally informative. For instance, those which are per-
pendicular to the direction of the offset do not reveal that the contour is misaligned. Also,
the non-detection probability gp; ensures that each measurement line is not as “confident”
in reducing the posterior variance as it would be if qy; were zero.

(a) attached (b) fixed

Figure 3.8: The two regimes of measurement lines.(a) The measurement lines are
attached to the contour at fized values of the B-spline parameter. When a different con-
figuration of the spline is hypothesised, the measurement lines will shift to have the same
position relative to the new hypothesis. This means that any application of Bayes’ rule
is an approzximation, but it has the advantage that the contour is known to intersect each
measurement line at its mid-point, which simplifies the calculation of certain contour like-
lihoods. (b) The measurement line are permanently fized in the image. When a different
configuration is hypothesised, no new measurements are performed, but instead a new set
of intersections with the fized measurement lines must be calculated. The fact that the in-
tersection innovation is not known in advance makes some contour likelihoods harder to
calculate.
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normalised likelihood

fixed measurement Iines_
attached measurement lines

offset of template
> in x direction
15 (pixels)

Figure 3.9: Posteriors calculated from the two regimes of measurement lines. The
posteriors are very similar, showing that the approzimation caused by using the attached
regime is an acceptable one. It is likely that the observable difference between the posteriors
shown is due not to this approzimation but the fact that the separation of measurement lines
cannot be made exactly equal in the two regimes.
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3.3 A continuous analogue of the contour likelihood ratio

The last section argued that when the measurement lines are separated by a normal displace-
ment of 30 pixels or more, the innovations of features detected on different measurement
lines may be assumed to be independent. This, however, leaves open the question of what
to do if the measurement lines are much closer together. Measurements on consecutive
lines would then be correlated: is there a way to systematically take this dependence into
account? Specifically, suppose there is a separation of 7 between measurement lines, and
we have likelihoods P, = P, (Z,|x), B; = B.(Z,|x), for the “contour” and “background”
hypotheses respectively. (So Z, is the set of measurements made on measurement lines of
separation 7.) Then is there a way to take a meaningful limit as 7 — 0?7 Maybe it is too
much to ask that lim,_,o P, lim,_,¢ B; exist, but perhaps the likelihood ratio

could make sense. This section proposes a model which appears to be statistically valid as
7 — 0. The model has not been tested in rigorous experiments and is presented in the spirit
of a useful idea which merits further investigation. The empirical results do not support
our hope that R tends to a finite value as 7 — 0, so it is clear that more work is required.

The continuous model

To present the theory in its most tractable form, several simplifying assumptions are made.
First, we deal with the “attached” measurement line regime (section 3.2.3), and allow only
the strongest feature response on each line to be reported. This guarantees that precisely
one innovation v is detected corresponding to any particular value of the B-spline parameter
s. That is, the measurements of a hypothesis x constitute a realisation vx(s),s € [0,T] of a
random process — see figure 3.10. The length T is just the number of spans in the B-spline,
so that s traverses the whole spline. For convenience, innovations v are measured from the
centre of the measurement line, so that a feature detected on the hypothesised boundary x
has an innovation of zero.

It is proposed to model v(s) as a continuous auto-regressive process (ARP). As usual, we
will form a likelihood ratio of two hypotheses. The hypothesis that the object is present in
configuration x is abbreviated to Hp (“O” for “object”), and the hypothesis that no object
is present is abbreviated to Hg (“B” for “background”). Under Hp, the ARP modelling
v(s) should essentially be a random walk on the length of the measurement lines, since
there is no reason for the detected feature to be near the centre of the measurement line
(see the figure). Under Hp, however, we expect v(s) to remain near to the centre of the
measurement lines, but to be perturbed by a certain amount of noise. These assumptions
can be written down concretely as stochastic differential equations. Letting w(s) denote a
Wiener process with spectral density 1, the proposed model for each hypothesis is:

e under Hp:
v(s) = hu(s) (3.9)
e under Hp:

v(s) = —fv(s) + gu(s) (3.10)
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Figure 3.10: Detected boundary as a continuous random process. The thick black
line is the hypothesised position x of the target, in this case a “thumbs-up” shape. The thin
white line is the detected boundary, defined as the strongest feature on a measurement line.
(a) The target is present at the configuration x; this is the “object hypothesis” Hp. (b) The
target object is not present; this is the “background hypothesis” Hp.

Here a dot denotes differentiation with respect to s, and f, g, h are positive real constants
to be set manually or learnt from training data. The values of g, h determine the amount
of noise under Hp, Hp respectively, and the value of f determines how rapidly the process
under Hp is attracted back to its (zero) mean position after a random deviation. If we
think of s as time and v as normal displacement from the contour, then the units of f are
1/time and the units of g, h are distance/time. Actually, (3.10) is the oldest example of a
stochastic differential equation. It is known as the Ornstein-Uhlenbeck process (Uhlenbeck
and Ornstein, 1930), and was considered as early as 1908 by Langevin (1908). It is clear that
the random processes in figure 3.10 do not have precisely the same properties as Ornstein-
Uhlenbeck processes, but it turns out they are similar enough for some interesting and useful
analysis. Some specific weaknesses in the model are discussed below. It is worth noting that
similar SDEs have been used by Williams and Thornber (1999) and others for the problem
of determining contour saliency, but there does not seem to be a direct connection between
their work and the model proposed here.

There is, however, a direct connection between the standard measurement paradigm of
Chapter 3, and the model just proposed. Recall the measurements Z, of the hypothesis x
are made according to the fixed measurement line regime, with a spacing of 7 between the
measurement lines. Then according to the model for v(s) just described, Z, is just a set of
samples of the random process v(s) at regular values of s: the samples are taken at

s;=kt, k=0,... M,

where 7 = T/M and M is the number of measurement lines.
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Likelihoods for Hy and Hp

The ARPs (3.9), (3.10) are stationary Markov processes, so everything we need to know
about them is summarised by their conditional probability densities after a time 7:

(2mh27) =12 exp — 1 (V(T)h—;;(o))2 under Hp
p(’/(T)|V(O)) = (71—92(1_621’7'))_1/2 _f(l/(’r)—e_f7'1/(0))2
b 92(1—e=2/7)

(3.11)

exp under Hop
These expressions follow by integrating the SDEs (3.9) and (3.10). A simple treatment is
given in (Gelb, 1974), and more detail can be found in (Astrom and Wittenmark, 1984;
Karatzas and Shreve, 1988). Naturally, the density under Hp can be obtained from that
for Hp by letting ¢ — h and f — 0, since when f = 0 and g = h the two SDEs (3.9) and
(3.10) are the same.

Write pp(v) and po(v) for the initial distribution of the background and object random
processes respectively. Also write

vy =v(0),v1 = v(1),12 = v(27),... vy = v(MT) =V(T).

Then by multiplying copies of (3.11) together, it’s easy to see the log likelihood, under Hp,
of vy, ... vy is given by

I(1) =log(pp(v)) — % log(2wh2T) — 2}327_ 2:(1/Z —vi_1)2 (3.12)
i=1

Under Hp the log-likelihood is

xa2(1 — e=2/7 M
lo(r) =loglpo(a) - 3 tog (LU ) - LS et
=1

(3.13)

The log-likelihood ratio £ is just the difference between (3.13) and (3.12):
L(t) =lo(r) — (7). (3.14)

Figure 3.11 shows some results for the images in figure 3.10. These results are intended
to be a proof of concept only; more investigation would be required to establish the validity
of the likelihood ratio (3.14) in practical applications. In particular, I was disappointed
that £ does not appear to tend to a finite limit as 7 — 0. The parameters f,g, h were
selected by trial and error so that simulations of the ARP gave results looking more or less
like figure 3.10 (in fact we took f = 0.1, g = 0.05, h = 0.2). One important point to note is
that regardless of the value of 7 (corresponding to the horizontal axis in these graphs: 7 is
the separation of measurement lines in pixels), the log-likelihood £ given by (3.14) has the
correct sign. L is positive for the image containing the target, and negative for the control
image containing only clutter.

Problems with the continuous ARP model

There are several clear weaknesses in using Ornstein-Uhlenbeck processes to model detected
object boundaries. For one thing, the measurement process does not produce continuous
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Figure 3.11: Likelihoods for the “continuous” contour likelihood ratio. Each graph
shows a graph of L, given by (3.14), for varying values of T, the separation between mea-
surement lines. (a) The graph for the image in figure 3.10a; notice that the value of L is
positive for all values of 7. (b) The graph for the image in figure 3.10b; as expected, L is
negative for this image. In both cases the likelihood ratio becomes more extreme for small
values of T.

outputs, even in the limit that the measurement lines are infinitesimally close: the detected
feature which determines the value of v can jump from one continuous edge to another (see,
for example, the jump at the base of the thumb in figure 3.10a.) The use of a continuous
model can be partially justified by considering that in practice the data will always be dis-
cretised at a known minimal separation — the pixel — and the signal could be continuously
(and noisily!) interpolated between the data points. A related objection is that the “nearest
feature” operation is non-linear, whereas the SDE is a linear model.

Another problem is that the ARPs as written do not account for the finite length of
the measurement lines. The processes (3.9) and (3.10) are both free to wander far from
the origin; in fact the variance of (3.9) grows without bound. Fortunately it is not difficult
to define a process whose local properties are identical to (3.9) but which is constrained
to stay within a finite length L. This uses the reflection principle described in (Karatzas
and Shreve, 1988): we imagine the original process (3.9) is reflected whenever it would pass
outside the interval [—L/2, L/2]. The conditional density function under Hp then becomes
a sum of (3.11) over all points from which the unreflected path could have arrived:

1 (vp — 2k L + vp)?

o
p(vn|vo) = const x Z exp—; o ,

(3.15)

k=—oc

where the constant is such that p(i,|vp) integrates to one over [—L/2, L/2]. A similar sum
gives the correctly constrained conditional density for the hypothesis Hp. The negative
exponential means that few terms in the sum contribute: in practice the measurement line
length L is much greater than h?7 and the three central terms k = —1,0, 1 suffice for any
values of v.



Object localisation and tracking with
contour likelihoods

Recall the main objective of the thesis: to infer the configurations of target objects in static
scenes and in video sequences. The last chapter introduced likelihood functions called
contour likelihoods which can be used for such inferences. This chapter explains how to
incorporate the contour likelihoods into algorithms for localisation and tracking. First,
however, we pause to survey other approaches to localisation tasks.

4.1 A brief survey of object localisation

There is an enormous literature on object localisation (and its more general cousin, ob-
ject recognition), and in this section the main approaches used by vision researchers are
summarised. Figure 4.1 attempts the rather impossible task of summarising this summary.
Algorithms for object recognition from a single static image must perform their search
for the target in one of two types of spaces: the pose space, or a correspondence space (the
terminology follows Grimson (1990)). The pose space is just the set of all possible config-
urations (denoted by X throughout this thesis). A correspondence space is the Cartesian
product of the set of all features of a specified type (e.g. corners) together with the set of all
features on the known model of the target. Note that the size of each space is exponential
with respect to a crucial variable: for pose space, the size (i.e. volume) of the space is
exponential in the dimension of the space, whereas for a correspondence space the number
of possible matches is exponential in both the number of image features and the number of
model features. This fact is perhaps the most fundamental reason that object recognition
systems to rival humans are well beyond the reach of current vision research.
Nevertheless, it follows that when these crucial variables are sufficiently small, good
progress can be made. Correlation techniques, for example, which correlate a known tem-
plate with various regions in an image, can be run extremely fast in hardware but generally
over a pose space of very small dimension. A relatively sophisticated example is Cootes et
al. (1996), who used a statistical model of the grey-levels of every pixel in the target. A
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Object localisation and tracking with contour likelihoods
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promising technique to have emerged recently is the Bayesian correlation of (Sullivan et al.,
1999), but it remains to be seen whether this will scale to high-dimensional problems.

The method proposed in this chapter, namely the factored sampling of contours, is also
a pose space search, and certainly suffers the limitation that the dimension of this space
must be small.! Indeed, experiments showed that if the prior is diffuse over more than 3
or 4 dimensions, the algorithm is too slow to be of practical use. But the method is still
very flexible, and can be applied to pose spaces of say 6-10 dimensions, provided the prior
is tight over some of these. Other advantages are that the results have known confidence
levels, that the method can be applied to a large class of targets with minimal modelling
requirements, and that the target can be in a heavily cluttered environment.

One exception to the rule that the pose space must be low-dimensional is the class
of Markov chain Monte Carlo methods — hardly surprising, as the early variants of this
approach were originally popularised as the “solution” of exponential problems such as the
travelling salesman. MCMC methods, when applied to object localisation (e.g. Grenander
et al., 1991a; Mumford and Shah, 1985; Ripley and Sutherland, 1990), require a much less
detailed model of the target than other approaches. However, these methods are particularly
unsuited to general object localisation because they are not only slow, but require a good
initialisation themselves for all but the simplest applications.

De Souza et al. (1997) have successfully combined an MCMC approach with a contour
model whose framework is similar to the one outlined in this chapter. The targets in
(de Souza et al., 1997) are fish whose outlines are relatively complex, and a discussion
comparing our approach with this work is given in section 4.2.1. Certain differences in the
types of images analysed — in particular, the fact that the strength of edges is a useful
indicator for the fish-tank images of (de Souza et al., 1997) — mean the results are not
directly comparable. The most important implication for this thesis is that MCMC can be
applied to a contour framework.

An interesting method of guiding a search through pose space was proposed by Cameron
and Durrant-Whyte (1988). In their scenario, obtaining measurements is very expensive
(since they must be obtained by the laborious positioning of a robot arm), but computing
the maxima of a function called the Probabilistic Membership Function over the pose space
is computationally cheap. They used Bayesian reasoning to derive the optimal placement
of successive sensor measurements.

The majority of the work done in object recognition has concentrated on searching a
correspondence space. The astronomical number of matches (typically n™ with m, the
number of model features, and n, the number of detected features, both in the range 100-
1000) means the search must be pruned in some way. For example, if the chosen feature
type is an invariant of some kind, the features can be labelled with parameters to guide the
search. Other kinds of geometric and probabilistic reasoning can also dramatically reduce
the number of possible matches. The obvious disadvantage of such an approach is that the
target must possess easily-identified features of the type chosen (such as corners, or straight
lines), and detailed models of the targets must be available. An approach in this vein which
makes a particularly interesting comparison with the results in this chapter is (Leung et al.,
1995), which searched for faces in cluttered scenes using specific detectors for eyes, nose
and the nose-lip junction followed by random graph matching.

!Technically, the relevant quantity here is not the dimension of the pose space per se, but the ratio of the
volume of the support of the prior to the support of the likelihood. The survival rate defined in Chapter 7
is a more reliable way of assessing the difficulty of a localisation problem.
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The work of Lowe (1987b; 1992) is another example of an effective pruned search of
feature-matching, in this case using oriented line segments. This work used some proba-
bilistic arguments about the distribution of line segments to order a best-first search. Grim-
son and Huttenlocher (1990; 1992) derived formal thresholds for the probability of random
line segments and points matching more than a specified proportion of model features.
Shimshoni and Ponce (1995) were able to rank hypothesised matches by probabilities, by
calculating the distribution of certain length ratios and angles in 3D images of the targets.

The Hough transform is a well-known method for localising certain types of features.
In its most basic form, the Hough transform involves searching a correspondence space to
create a function on the pose space whose maximum must be selected. However, much
work (e.g. Duda and Hart, 1973; Stockman et al., 1982) has been devoted to highly efficient
implementations of Hough transforms.

If we remove the restriction that only static images are used for localisation, other
methods are available. Many systems (e.g. Koller et al., 1994) use motion detection, but
of course this is only applicable when the target moves and the background is stationary.
Another method, often combined with motion detection, is background subtraction (e.g.
Soh et al., 1994). This requires a known background, and it is surprisingly difficult to make
robust to effects such as lighting changes and small amounts of camera motion.

4.2 Object localisation by factored sampling

The basic problem we would like to solve is: given a single image containing a single instance
of the target object in the unknown configuration x, estimate x. A harder problem which
we would also like to solve is: given a single image containing zero or more target objects in
unknown configurations, estimate the number of targets present and their configurations.
The second problem is tackled in section 4.3; for the moment let us concentrate on the first
problem.

In classical estimation theory (Papoulis, 1990), an estimator X : Z — X mapping the
measurements Z to an estimate %(Z) would be defined. Standard choices for % would be

e Maximum likelihood estimate (MLE): Set
x = arg max P(Z|x),
where P(Z|x) is the likelihood of the measurements Z.

e Minimum mean squared error (MMSE): Given a prior p(x), calculate the pos-
terior p'(x|Z) using Bayes’ theorem (p’ o« Pp) and then set

x = Ey x,
where E,» denotes expectation with respect to p'(x|Z).

e Maximum a posteriori estimate (MAP)?2: Given a prior p(x), calculate the
posterior p’ as before and set

%X = argmax p'(x|Z) = arg max P(Z|x)p(x).

2The arguments about whether MAP estimates are useful or meaningful are well-trodden, and will not
be resolved here! MAP estimates are not used in this thesis except for the discrete distribution over the
number of targets in section 4.3.
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The method proposed here does not directly solve any of these problems: it is a stochas-
tic, approximate solution which can be adapted so that its output converges to either the
MLE or the MMSE, as the amount of computation permitted tends to infinity. It can also
be used to obtain MAP estimates but is not particularly well-suited for this. The method is
called factored sampling and requires three inputs: the number of samples, n; the sampling
distribution, ¢(x) dx, and the likelihood P(Z|x). The basic idea is to draw random samples
from g(x) and evaluate the likelihood of each. More formally, we have

Definition (Localisation by factored sampling) Given inputs ¢,P and the configu-
ration space X, localisation by factored sampling is a stochastic algorithm which outputs a
particle set (x;, ;)" ¢, n=1,2,... defined by

) _ P(zx")
> Pz

How can factored sampling be used for object localisation? The next proposition tells
us the answer: for an MLE, use any sampling distribution ¢ and take x to be the particle
with the highest weight; for the MMSE, use the prior p as the sampling distribution and
take x to be the mean of the x; weighted by the ;.

Proposition 14 Let (x;,m;)j-, be the particle set produced by factored sampling with sam-
pling distribution q(x) and likelihood P(Z|x). Assume the MLE and MMSE are unique.
Then

(a) Let

%™ = the xz(-") with highest weight 7T(n), i=1,...n.

i
Then %™ tends (almost surely) to the MLE as n — occ.

(b) Let
n
i(n) _ Z ﬂ_z(n)xz(_n)
i=1

If q(x) = p(x), the prior, then X™ tends (almost surely) to the MMSE as n — oo

Moreover, (a) still holds if every x; is replaced by some X} with a higher likelihood.

Remarks. The last statement is much more general than we need: the idea is that we want
to speed convergence by replacing each x; by its local arg maxy P(Z|x).

Proof. (a) An easy exercise: because ¢ is positive we are guaranteed that particles get
arbitrarily close to the MLE as n becomes large.

(b) This follows immediately from the factored sampling theorem of Grenander, which is
restated as Theorem 6 in section 2.5. The last statement is another easy exercise. |

Rigorously stated propositions can sometimes conceal what is really going on, and this
is a case in point. Often the likelihood P is very sharply peaked; in this case the random
sampling is more like a random search for the narrow peak. Rather than convergence,
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we are more concerned with whether or not there will be any particles inside the peak.
Section 4.5 discusses this possibility in more detail. More generally, note that we have
stated nothing about the speed of convergence: to be of any use, the factored sampling
method of object localisation must achieve acceptable convergence at moderate values of
n. Moreover it must be possible to choose a sensible sampling distribution ¢ and a realistic
likelihood P. For the likelihood, one can use any of the contour likelihoods introduced in
Chapter 3, and section 4.4 describes how to learn a suitable prior p(x), which can also be
used as the sampling distribution ¢(x). But now let us move swiftly on to an empirical
“proof” that the convergence in the last proposition really is fast enough for our purposes:
some successful experimental results.

4.2.1 Results
Maximum likelihood estimates

Consider the task of approximating the MLE; the first two examples locate a mouse and
a cyclist respectively. First a contour template was obtained manually (figure 4.2, (a) and
(d)). A generic sampling distribution ¢(x) was specified: uniform over z and y translation,
scaling by a factor drawn from N(1,0.08%), together with some rotation for the cyclist
(standard deviation of a few degrees) and affine deformation for the mouse. The reason we
need not bother with careful modelling of ¢ is that proposition 14 tells us that any strictly
positive sampling distribution will do.

Factored sampling was applied to different scenes (figure 4.2, (b) and (e)), with n =
1000 particles, which were evaluated by the interior-exterior likelihood Ping_exs (3.5). As
permitted by the last part of Proposition 14, each particle was replaced with a more likely
one: in fact the regularised least squares fit described in (Blake and Isard, 1998) was
applied to each particle before its likelihood was calculated. Figure 4.3 gives details of
the parameters used. The procedure takes 1.7 seconds on an SGI 02 (R5000, 180MHz).
Figures 4.2(c) and (f) show the results: in both cases the output % was an acceptable
approximation to our human assessment of what the MLE should be.

Although the MLE procedure is only really defined for images containing exactly one
target object, it is interesting to observe the behaviour for a scene with more than one. So
the same experiment was tried with a head-and-shoulders template (figure 4.4) in an office
scene. The sampling distribution for this experiment was learnt by the method described
later, in section 4.4. The results are shown in figure 4.5, where we have shown the ten most
likely configurations x from the set of 1000 particles. They are ranked by their contour
likelihood ratio R. Note the values of R are all greater than 1 (indicating the hypothesis x
being more likely than the hypothesis of random background clutter).

It is natural to wonder whether the complexity of the interior-exterior generative model
is necessary for these applications, especially if there are more easily calculated alternatives
which perform just as well. As an example, consider the Poisson likelihood Ppoisson (3.4).
It was noted earlier that this is equivalent to the likelihood used by Isard and Blake (1996)
for evaluating particle sets in their original Condensation tracker.

The same particle set as before was ranked using the likelihood Ppoisson, and the result is
shown in figure 4.6. The performance of this likelihood was worse than the interior-exterior
likelihood, in the sense that more spurious hypotheses are ranked above the true target
configurations. The modelling of interior features has brought two benefits:
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(a) mouse template (d) cyclist template

(b) scene to examine (e) scene to examine

(¢) localisation output (f) localisation output

Figure 4.2: Localisation results. In each example, 1,000 particles were drawn from the
prior. The particle of highest contour likelihood ratio is shown in black, and the 2nd and
3rd highest are in white. (In (c), the three contours are nearly identical.) Both priors are
uniform over the two translation parameters; the mouse prior is the same as for figure 4.5,
and the cycle prior is also the same except that it supports much less 2D rotation. In both
cases, the background and lighting are different in the template and examined scene.
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Non-detection probability qo1 0.05 for mouse, 0.2 for cyclist

Clutter feature probabilities b(n) 0.05 for n =0,1,...19 and 0 otherwise
Interior model parameters MLE of Poisson densities from template
Boundary feature distribution G(z|r) Gaussian with std dev of 7 pixels
Length of measurement lines L 40 pixels

Prior p(x) described in the text

Figure 4.3: Parameter values and other choices used for experiments. The non-
detection probabilities were set manually after observing the templates for each object. The
interior-exterior likelihood Ping—ext (section 3.1.3) was used to evaluate the particles, with
the “attached” measurement line regime (section 3.2.3).

Figure 4.4: Template and interior model. This image was used to obtain a head-and-
shoulders template, and to learn the Poisson densities of interior features. This template
and model were used to produce the results of figure 4.5.
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Ranking  Description  R(x)
1 middle target 408.1
2 right target 58.6
3 left target™ 34.1
4 right target 25.1
5 left target 14.9
6 right target 8.4
7 spurious 6.3
8 spurious 4.5
9 spurious 2.4
10 spurious 1.9

*partial hit

Figure 4.5: Finding head-and-shoulders outlines in an office scene using the
interior-exterior likelihood. The results of a particle of 1,000 configurations are shown
ranked by their likelihood. The table shows the numerical values of the contour likelihood
ratio R (equation 3.7, page 49); a value greater than one means a configuration is more
target-like than clutter-like.

Figure 4.6: Worse performance with a simpler likelihood. The best ten of the same
1000 particles as in figure 4.5 are shown, this time ranked by the simpler likelihood Ppoisson-
The performance is worse, showing that adopting a separate model for the interior features
is beneficial.



Chapter 4. Object localisation and tracking with contour likelihoods 71

® Pint_ext takes into account the model of how many interior features are expected on
each measurement line.

® Pint—ext gives higher probabilities to lines with an unusual partitioning of features into
interior and exterior — this can be seen in the m-dependence of (3.8), for example.

Both of these differences contribute to the fact that Ppeisson is easily distracted by the
bookcase region (see figure 4.6), in which the density of clutter features is very high.

Minimum mean square error estimate

Very similar results are obtained from the MMSE approach. In the case of localising the
mouse and the cyclist (figure 4.2), the MMSE is indistinguishable from the MLE (we used
the ¢(x) defined earlier as a generic prior). A more interesting case is the office scene.
Taking n = 10000 but with the other parameters as before, factored sampling gives the
output shown in figure 4.7. Since more than one target is present, it does not really make
sense to take the mean of this distribution. Instead, it is better to regard the output as a
particle representation of the posterior distribution, as guaranteed by the Factored Sampling
theorem 6, page 25.

#
!

Figure 4.7: Factored sampling on an office scene using the interior-exterior like-
lihood. The output is a particle representation of the posterior distribution. Particles are
shown with mass proportional to their weights; there are discernible peaks in the distribution
at each of the three targets.
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The gradient threshold and the work of de Souza et al.

As mentioned in the survey of localisation techniques (section 4.1), some work by de Souza et
al. (1997) has combined an MCMC searching method with a contour framework involving
the detection of features on measurement lines. In their approach, precisely one feature
is detected on each measurement line. The location of this feature is determined by a
maximum likelihood estimate for the innovation; a key difference to our approach is that
the strength of the potential feature is incorporated into the estimate. They set

(2)?

Z = arg max s(z) exp(—2—2),
o

where s(z) is the strength of the output of the chosen feature detector.

The assumption essential for a mathematical justification of such an MLE is that the
intensity of a single ideal feature (e.g. a step edge) is perturbed by additive Gaussian noise.
Therefore, incorporating feature strength is certainly a good idea in the absence of clutter,
and is a good approximation when the strength of any clutter features is expected to be less
than that of the target feature. This would appear to be the case in the fish-tank images
examined in (de Souza et al., 1997). However, what happens when we extend this MLE
approach to a more complex model in which an unknown number of clutter features are
present, whose strengths are unknown but comparable to (and perhaps greater than) the
target’s? This is precisely the problem of identifying change-points in a step function! The
change-point problem has been studied for many years by statisticians, and the solutions
(perhaps the most recent is (Green, 1995)) are computationally expensive, requiring several
seconds of CPU time at best. This is clearly inappropriate for the application envisaged
here where the change-points must be determined on each search line in each of many
configurations.

Hence the approach of Chapter 3: define what we mean by a feature, model the oc-
currence of these features with simple distributions, and infer results based on the model.
In our case, to define a feature we must first specify an operator which will be applied to
the measurement line, and then select a threshold called the gradient threshold; outputs
of the operator which are above the gradient threshold are regarded as features. Note in
particular that the entire probabilistic framework described in Chapter 3 is valid for any
choice of the gradient threshold. However, the inferences which can be made will be more
useful (i.e. discriminating) when the threshold is such that the number of clutter features
detected is low, and the number of target boundary features detected is high.

To see this more clearly, consider limiting cases of the gradient threshold. If it is very
high, then no features will be detected; the contour likelihood ratio can still be calculated
but is equal to 1 everywhere. If the gradient threshold is very low, many features will
be detected. However, it is still conceivable that useful inferences could be made, if the
distribution of internal features is sufficiently different to the clutter — recall the simplified
example at the end of section 3.1.6, where a useful inference could be drawn from the
number of features detected on the interior portion of the measurement line.

It is intuitively (and experimentally) clear that for most targets there is an optimum
threshold between these two extremes. For the results in this section we made no mathe-
matical attempt to find this optimum; the gradient threshold was adjusted to the highest
value for which most of the boundary features are detected. This then determines the non-
detection parameter qy; — if the “most” of the previous sentence was 90%, then g was set
to 0.1.
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4.3 Estimating the number of targets

So far, the object localisation problem was restricted to the case where it is known there is
exactly one target object present in an image. Can we make any progress if the number of
targets is not known in advance? The answer is yes; this section explains the theory behind
the multiple target recognition problem and describes a practical implementation.

Throughout this section, & will be the number of targets present. If the configuration
space for a single target is X, then the configuration space for the multiple target problem
is

A typical element of this space is written as X = {k;xi,...x;} where each of the x; €
X. Formally, it is easy enough to write down a likelihood for this space. As usual, let
Z = (z(V,...2(M)) be the features detected on the M measurement lines in an image. The
definitions of intersection number and intersection innovations (section 3.1.1) generalise in
the obvious way to the multiple target situation. So cx(i) is just the number of points
at which the ith measurement line intersects any of the contours in the configuration x.
Similarly v%(¢) is the set of distances of these points from the start of the measurement
line. Assume we have adopted one of the generative models of Chapter 3, and can therefore
calculate the likelihood function p ;) (z[v%(4)) for the ith measurement line. Then assuming
(as usual) independence between measurement lines, the multiple target likelihood is just

M o
P(Z[%) = [ [ Peg(s) (2P w5(2),
i=1

exactly the same as (3.3) except that x € X’ has been replaced by X € X.

For any fixed k, multiple target object location can in principle proceed just as in the
single target case, by factored sampling: draw samples X; from a prior p(x) on X, and
calculate approximations to either the MLE or MMSE as in Proposition 14. Also, one can
easily obtain estimates of the posterior probability for & (the number of targets) just by
summing the weights of all the samples with a given value of k.

In practice, it is necessary to make some approximations to avoid a combinatorial ex-
plosion of the computation. Figure 4.8 gives an example. It assumes a Poisson prior on
k, with mean 1. The prior p(x) for a single target is uniform in z and y translation and
permits a small amount of affine deformation. The prior p(x|k) for k targets consists of k
independent copies of p(x), except that the distance® between every pair of targets must be
greater than a threshold 7:

Hlep(xi) if d(x;,x;) > 7 foralli#j;4,5=1,...k

| (4.1)
0 otherwise

p(x[k) {

For this example we took 7 = 40 pixels — the length of the measurement lines. This
minimum-distance restriction was introduced for convenience; it ensures the intersection
numbers for the measurement lines are almost all 0 or 1, so the likelihoods of Chapter 3

3in the spline space metric on X — see appendix A.1
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Number of targets: 0 1 2 3 4
Prior probabilities: 0.36 0.36 0.18 0.06 0.02
Posterior probabilities: 0.01 0.14 0.71 0.13 0.00

Figure 4.8: Estimating posterior probabilities for the number of targets. The MAP
estimate for the number of targets is 2, which agrees with a human assessment of the number
of coffee mugs in this picture. The posterior probabilities are estimated by sampling from the
prior p(X) described in the text (which does not allow distinct targets to be too close to each
other). However to reduce the computational requirements, only the eight configurations
shown are used for the estimation.

can be used. (The more sophisticated multi-target likelihoods of Chapter 6 would remove
the need for this restriction, since they allow intersection numbers ¢ > 2. If you like,
(4.1) is just a naive version of the exclusion principle to be introduced in Chapter 6.)
Even with this restriction, the space X is too large to be explored by straightforwardly
sampling from some prior p(x). Layered sampling (Sullivan et al., 1999) and partitioned
sampling (Chapter 7) would both be applicable here but a simpler method was shown to
produce satisfactory results. First, 10000 contours were drawn from the single target prior
p(x) described above. Their single-target likelihoods were calculated and the 8 contours of
highest likelihood which mutually satisfied the distance restriction were retained. (That is,
set x; to be the contour with highest likelihood; then set x2 to be the highest remaining
contour such that d(x1,x2) > 7, and so on.) Finally, the set of all k-tuples of the 8 contours
was used evaluate the posterior probability for k targets being present. Only the values
k=0,1,2,3,4 were considered.

As can be seen from figure 4.8, this method correctly infers the number of coffee mugs
present, yielding a MAP estimate of 2.

4.4 Learning the prior

An essential ingredient in the factored sampling method is a prescription for choosing either
a prior p(x) on X. The construction of p(x) depends both on the intended application, and
the degree of generality expected from the system.

If we have no information about the expected configurations, the most natural choice



Chapter 4. Object localisation and tracking with contour likelihoods 75

may be a uniform density on X. (The concept of a uniform density on X can be made
precise, and details of how to do this are given in appendix A.1.) Another method found
to be very successful in practice is to learn the prior from a video sequence:

1. Obtain a video sequence of the target object undergoing typical motion. The re-
quirement on the length of the video sequence is that the object should sweep out its
configuration space. (The definition of “sweep out” depends on the way the data will
be processed. If, for example, X is divided into discrete bins, then we would say the
sequence has swept out & if every bin with non-negligible prior probability contains
several data points.) For 6-dimensional X', the implementation used in this chapter
found sequences of 30 seconds were ample.

2. Initialise a contour tracker by hand, and track the object throughout the sequence.
Sequences for this chapter were tracked using a Kalman filter contour tracker (Blake
et al., 1993; Terzopoulos and Szeliski, 1992).

3. Convert the resulting data into a distribution on X, and smooth if necessary. In
this chapter, the distribution was calculated by histogram, and no smoothing was
necessary.

4. “Redistribute” the resulting distribution to take account of any known priors on sub-
manifolds of X', and of known relationships between sub-manifolds. As a very simple
example suppose X comprises 2D translations on the unit square, and 2D rotations. In
mathematical notation, X = I? x SO(2), where I is the unit interval. Let the density
obtained after step 4 be g(x), and suppose we know that, despite any information to
the contrary in the training sequence, all orientations of the target object are equally
likely. Then to obtain a more correct prior p(x) from g(x), we should redistribute the
values of g around all cosets of SO(2) by setting

Here [x] denotes the coset of SO(2) containing x (i.e. the set of all configurations
created by 2D rotations of x) and y is the uniform measure on SO(2).

Or perhaps we know that, despite any information to the contrary in the training
sequence, the target object’s prior orientation is independent of its prior translation.
In this case we need to write x = (t,6), where t is a 2D translation and 6 the angle
of rotation. Now set p(x) = u(t)v(6), where

ww) = [ ot

and

v(8) = /x PO

Here A denotes the uniform measure on the unit square.

The implementation developed for this thesis includes switches for enforcing unifor-
mity over translations, 2D rotations, or 3D rotations, and for enforcing independence
between translations and all other parameters.
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Note there is actually no need for the training sequence to resemble the test sequences
in every respect: the only requirement is that the observed values of X are representative
of the prior. Therefore, a sequence without clutter, or with a distinctively-coloured target
object can be used.

The result of sampling from a prior created like this is shown in figure 4.9.

e
7/ -\

Figure 4.9: The prior density. Shown here are fifteen samples from a prior for head-
and-shoulders outlines constructed by the learning method described in the text. X is the
6-dimensional space of affine transformations. This prior is the one used to produce the
results of figure 4.5. The learnt motions comprised the head tilting up to about 40° from the
vertical in every direction, and the prior was redistributed afterwards to have the following
properties: uniform over both translation parameters, and a Fuclidean scaling factor obeying
a normal distribution with mean 1 and standard deviation about 7%.

4.5 Random sampling: some traps for the unwary

This section presents a mathematical analysis of an idealised factored sampling scenario.
The objective is impart the flavour of the localisation algorithm presented earlier, in a much
simpler context where the analysis is transparent. The lesson to be learnt from this section
is as follows: when searching for the maximum of a given function by random sampling, one
should sample from a distribution which is broader than one’s belief about the distribution
of where the maximum may lie.
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To demonstrate this lesson, a precise formulation of the problem is needed. Let X be
a continuous random variable with pdf f(z). X is the target variable — we sample from
it once, obtaining say z(. In this scenario, f(x) is known to the localisation algorithm but
zo is not. The localisation algorithm will try to guess a value sufficiently close to zy by
sampling from another distribution. The pdf to sample from is denoted ¢(y), and write
Y1,Ys5,... for a sequence of i.i.d. random variables with this distribution.

Recall the discussion following Proposition 14: often the likelihood P is so sharply
peaked that we are more concerned with whether or not any particles fall in the peak than
with the convergence of the factored sampling. With this as motivation, fix a small real
number 7 > 0 (called the hit threshold) and call Y, a hit if |y, — 9| < 7/2. Finally define
a discrete random variable H, called the hit time, by setting

H = least n such that Y,, is a hit

The main questions are (a) what is EH? and (b) what choice of g(y) minimises EH?
Most people’s first guess for g is to set g = f, but as we show below this is certainly not
the optimal choice, and in some cases (such as when f is a normal distribution) it leads to
disasters such as EH = oo! In fact, the solution is to take g oc v/f, but this is not always a
sensible choice since we may also want var(H) to be small.

Let a(z) = Prob(|ly — z| < 7/2). Then a simple calculation shows that

Emmzwzﬁa

Hence
(i@,
EH_/ma(x)d . (4.2)

This is the expression we want to minimise, but there is a normalisation constraint on «(z)
which must be met. Observe

z+7/2
a(z) = / 9(y)dy,
Y

=z—7/2

00 00 z+7/2
/ a(z)ds = / / 9(y)dy dz
T=—00 z=—o00 Jy=x—7/2

y+7/2 00
/ 9(y)dy dz
Yy=—00

80

r=y—7/2
y+7/2
dz
r=y—7/2

T. (4.3)

It is straightforward now to apply the calculus of variations to minimise (4.2) subject to
the constraint [ a(z)dz = 7. The Lagrangian is
f(z)

a(z) + Aa(x)
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(where ) is a Lagrange multiplier) and differentiating with respect to « leads to the following
Euler-Lagrange equation:

/(@)

0= )

+ A

That is, we should choose a  /f, with normalisation determined by the constraint (4.3).
The final step is to express « in terms of g. If g is smooth,* we can do this using the
Taylor series:

z+7/2

a@) = [ (gla) + g+ )dy (4.4
y=z—7/2

=g(z)T + 0(7'2). (4.5)

Hence
1
9(z) = ~a(z) + O().

So now the question is answered: for sufficiently small 7, the choice of g which minimises
EH is g « +/f, normalised of course so that [ g = 1.

Examples

1. Uniform distribution. Take f(z) =1 for z € [0,1] and 0 otherwise. Then g(z) =1
on [0,1] also, and EH = 1/7. Slogan: “use a uniform distribution to search for a
uniform variate”.5

2. Semi-triangular distribution. Take f(z) = 2z for z € [0,1] and 0 otherwise. Then
g(z) = %301/2 on [0,1], and EH = %%. Note that if we chose to set g = f we would
have EH = 1/7, about 11% worse than optimal. But there is a more grave problem
with setting g = f in this case — it turns out that var(H) = oco. In fact if we set
g(z) = (p+ 1)zP on [0, 1] then

1 2 :
BH =TT 1P <2
00 if p>2,
and
1 2(p®>—2p-2) :
var(H) = { 72 @pPG=peee 1P <1,
00 if p>1.

These expressions were tested experimentally; the results are shown in figure 4.10.

4The approximation is easy to prove if g is smooth, but this is certainly not necessary. Provided only that
g is continuous it’s easy to prove a similar formula whose second-order term is proportional to the maximum
variation of g over any interval of length 7 (often called g’s modulus of continuity for 7).

% Actually, because this f violates the continuity assumption so badly, the value of EH obtained in
numerical tests is up to 1% higher than the theoretical one. It’s not hard to calculate g from « explicitly in
this case, thus obtaining a truly optimal sampling function, but the details are unimportant.
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Theoretical and simulated hitting times
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Figure 4.10: Hitting times for a semi-triangular distribution. The target’s pdf is
f(z) = 2z on [0,1], and the sampling pdf is g(x) = (p + 1)zP, where p varies along the
z-azxis. Note that the variance of H becomes infinite at p = 1 — precisely the value of p
corresponding to the choice g = f! Of course for greater values of p, the sample variance
remains finite but there is a significant chance of numerical overflows occurring. The min-
wmum value for EH occurs at p = 0.5, as predicted in the text. In the region of infinite
variance, the sample variance does not blow up as predicted because the runs which caused
numerical overflow were disregarded.
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3. Normal distribution. Take f(z) = \/%—Wexp(—%:ﬁ). Then g(z) = ﬁexp(—i:ﬁ).

But it turns out that with this choice of g, var(H) = oo, and that for practical
purposes it is better to use a normal distribution with a higher standard deviation.

Indeed, suppose that g(z) = \/21—7“7 exp(—%ﬁ—;). Then it is easy to calculate that

EH:{

E(HQ) _ {oo . if o0 < /2,

8

ifo <1,

: ifo>1,

o
o2—1

S

and that

% 5 o> V2.

Figure 4.11 shows the results of a numerical simulation to verify these calculations.
Observe that choosing o = 1.6 is a good choice because it makes EH only 2.5%
higher than the theoretical minimum, and also leads to an acceptably small variance

for H. Slogan: “use a normal distribution to search for a normal distribution, but
with standard deviation at least 1.5 times bigger”.

- Theoretical and simulated hitting times
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Figure 4.11: Hitting times for a normal distribution. Here the target has a standard
normal distribution, and the sampling pdf is a zero-mean normal with standard deviation o,
which is the z-azxis variable. Note that the “obvious” choice 0 = 1 leads to disaster, since
EH is infinite. Moreover even the “optimal” choice o = \/2 is bad since var(H) is infinite.
A better choice is o = 1.6. Again, the sample variance does not blow up as predicted because
the runs which caused numerical overflow were disregarded.

The observations in this section have important implications for the design of searching
systems based on random sampling. The system described earlier took account of them
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only qualitatively, by using priors broader than the true expected prior on the target’s con-
figurations. The results of this section would need to be incorporated much more precisely
in any attempt to optimise the system’s hitting times.

4.6 Tracker initialisation by factored sampling

An important application of object localisation is to initialising contour trackers, or for
reinitialising them after they have lost lock on the target. We briefly discuss how this might
be done for the two types of trackers: the Kalman filter (Blake et al., 1993; Terzopoulos and
Szeliski, 1992), and sampling trackers such as the Condensation algorithm (Chapter 2). The
Kalman filter requires a single estimate of the target object’s configuration together with
the covariance matrix of this estimate; sampling trackers require a fair sample of specified
size (typically 50-10,000) from the prior distribution p(x|entire image).

Both the examples given here are the simplest possible “proof-of-concept” implemen-
tations to demonstrate the utility of the contour likelihood ratio in tracker initialisation.
Later in the thesis (sections 4.7 and 7.6.1) more sophisticated systems are described which
assimilate these and other ideas to produce robust tracking in challenging conditions.

4.6.1 Kalman filter tracker

An initialiser /re-initialiser for a Kalman filter contour tracker has been implemented, and
its typical behaviour is shown in figure 4.12. The tracker periodically calculates the contour
likelihood ratio R(x) (3.7) of the current configuration. If this is below 1, lock is considered
to have been lost and the fixed prior is sampled randomly until a configuration with CLR
greater than 1 is found. This configuration is passed back to Kalman filter, together with a
default covariance. Surprisingly good results were obtained, but of course the robustness of
the re-initialisation mechanism depends on the properties of R: the property that “R(x) >
1 = locked on to target” is crucial. By checking the graphs in figure 3.4, we can see that
this property can be relied on for the examples given. However, in the presence of enough
clutter, false positives (non-target configurations with R(x) > 1) will be present and this
re-initialisation mechanism has no method of avoiding them.

|

- |

@ (b) ©

Figure 4.12: Kalman filter tracker/reinitialiser. (a) The tracker has been successfully
initialised by factored sampling of contours. (b) The tracker loses lock on the target due to
distraction by a clutter feature. (c) The system realises lock has been lost and reinitialises
using factored sampling, taking less than a second in this case. Parts of the background
clutter are also moving (the two hands), but the re-initialisation is unaffected by this.
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4.6.2 The Condensation tracker

Initialising a. Condensation tracker can be achieved by a straightforward application of the
factored sampling object localisation method in section 4.2. Both algorithms share an
emphasis on estimating an entire distribution rather than a single mode or mean, and in
particular this means both can deal with multi-modal observation densities.

Figure 4.13 gives an example. It shows all particles with contour likelihood ratio greater
than 0.1 after sampling from the prior p(x) 10,000 times. Simply passing this set to a
Condensation tracker, with weights given by normalised contour likelihoods, serves as a
satisfactory initialiser. This approach to initialising Condensation was applied to the simple
example shown in figure 4.14. The mechanism for determining when to reinitialise and with
that configuration is the same as for the Kalman filter.

Section 4.7 gives details of a self-initialising head tracking system which extends these
ideas to a robust, real-time application.

Figure 4.13: Initialising a sampling tracker. 10,000 particles were taken from f(w),
and those with contour likelihood ratio over 10.0 are displayed. (There are about forty of
them). This set, or all 10,000 particles, can be passed directly to the Condensation algorithm
(with normalised contour likelihoods as weights) as an initialising set.

4.7 'Tracking using Condensation and the contour likelihoods

This section describes a robust, real-time system for tracking human head-and-shoulder
outlines by fusing colour information with the contour likelihoods of Chapter 3.
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()

Figure 4.14: Reinitialising a Condensation tracker. (a) The black contour is the mean
of the Condensation tracker’s current distribution. The white contour is the element of the
particle set with the highest weight. (b) The tracker has lost lock due to a rapid movement
of the target. (c) Re-initialisation has taken place successfully. Once again, parts of the
background (both hands) were moving during re-initialisation.

4.7.1 The rococo likelihood

Skin colour is a strong cue which can be used to locate and track humans as they move in
a video sequence. A natural extension of the work so far would be to develop a generative
model and likelihood function for colour, in the same spirit as the contour likelihoods of
Chapter 3. Skin colour has been studied extensively in the vision community, both for its
intrinsic properties and for its utility as a tracking cue (e.g. Fleck et al., 1996; Kjeldsen and
Kender, 1996; Jones and Rehg, 1998).

Generative model for RGB values: non-robust version

We first describe a generative model which is extremely simple, and not robust to deviations
from the skin-colour model. In this non-robust version, the colour of a single skin-coloured
pixel is assumed to be drawn from a truncated Gaussian distribution in RGB-space, learned
from hand-segmented training images. The colour of a single pixel in the background is
assumed to be drawn from the uniform distribution on the entire space of RGB values.
Because pixels are sampled only sparsely, these random colour values are assumed to be
independent.

To be more specific, denote the space of possible RGB-values by R = [0,255]3. Suppose
T1,...Ty is a collection of RGB-values in R, obtained by sparsely sampling the skin-coloured
regions of some training images. In our case, n = 500. Let g(r) be a Gaussian probability
distribution in R3 with the same mean and covariance as the r;, but truncated to be non-zero
only on R and renormalised. The generative model assumes an isolated skin-coloured pixel
will have an RGB-value drawn randomly from ¢(r). On the other hand, let u(r) denote the
uniform distribution on R (so u(r) = 1/2553). The generative model assumes an isolated
background pixel will have an RGB-value drawn randomly from u(r).

Generative model for RGB values: robust version

When tracking a head-and-shoulders outline, many pixels on the interior of a correctly-
positioned contour are not skin-coloured: eyes, mouth, shadows and hair cause deviation
from skin colour. One way to deal with this problem would be a much more explicit and
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detailed model of the object being tracked. Our objective, however, is to achieve real-
time performance with a simple model. Thus, a robust version of the generative model
above is adopted instead, in which it is assumed that any pixel in the “skin-coloured”
foreground region has a fixed probability of resembling a background pixel. That is, a
robustness parameter p < 1 is fixed, and foreground pixels are assumed to be drawn from
the distribution

g(r) = pu(r) + (1 = p)g(r).

The results later took p = 0.02, which was determined to give good results by trial and
error.

Likelihood for colour

For this implementation, the pixels used for inference were chosen to be those at the end-
point of the interior portion of each measurement line (see figure 4.4, for example). If
the hypothesised position of the contour is correct, then these pixels will be drawn from
foreground distribution, and they are sufficiently sparse for the approximation that their
RGB values are independent to be acceptable. If there are M measurement lines, then
there will be M such RGB values each depending on the hypothesised configuration x —
say 71(x),...rnm(x). The robustified colour likelihood is defined as

M
Pcol(x) = Hg(rz(x)) (46)
i=1

Finally, the robustified colour contour likelihood (abbreviated to rococo likelihood) is defined
as the product of the colour likelihood and the order statistic likelihood:

Proc (X) = Pcol(x) Pord-—stat (X) (47)

The order statistic likelihood was chosen for this application because it can be calculated
rapidly.

Note that a meaningful likelihood ratio combining colour and contour can also be defined.
Set the background colour likelihood to be

Then the colour likelihood ratio is Reoi(x) = Peo1(x)/Beol (x) and the rococo likelihood ratio
i8 Rroc(X) = Reol(X)Rord—stat (X). As in section 3.1.5, a value of R greater than 1 indicates
the measurements are more “target-like” than “clutter-like”.

4.7.2 Implementation of a head tracker

Initialisation

Automatic initialisation of the head tracker is achieved by repeatedly sampling from the
prior of section 4.4 until a configuration with Ryoc(x) > 1 is found. As soon as such a
configuration is found, it is assigned a weight of 1 and the Condensation algorithm proceeds
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exactly as described in Chapter 2, using the rococo likelihood as the observation density.
To increase the density of samples, the prior was actually restricted to a preset region about
one quarter the size of the video image. This region was centred on the door of an office
scene from which people were expected to enter. Experiment showed that without this
restriction, entries of the target would occasionally be missed.

Tracking

The Condensation algorithm was used with dynamics set by the learning methods of (Blake
and Isard, 1998). The head-and-shoulders template was permitted to deform in an 8-
dimensional shape space obtained by principal components analysis. On an SGI 02, with
a single R10000 processor, we found that Condensation would run at 50 Hz with 75 parti-
cles. For many tracking applications this would be a dangerously low number of particles.
However, the additional robustness of the rococo likelihood, which incorporates colour in-
formation, means that the tracker generally does not lose lock even at challenging points in
a video sequence. Instead, the tracker tends to sacrifice geometrical accuracy (that is, the
precise alignment of the contour with the head and shoulders) while preserving the correct
approximate position of the contour since the colour of the sampled interior pixels must
follow the generative model. Nevertheless, tracking survives through major deviations from
the skin colour model (such as the subject turning through 180°) since the edge information
has a dominant effect in such situations.

Results

By combining colour and edge measurements in a simple yet rigorous fashion, this head-
tracking implementation can correctly track challenging sequences in real time. Figure 4.15
gives an example. It shows stills from a 60-second sequence shot with a hand-held camera.
The camera undergoes unknown and unpredictable motion, and the subject moves about the
room freely, including turning away from the camera, sitting and rapid transverse motion.
No post-processing is performed: the figure shows the output produced on the computer
screen in real time as the sequence is shot. As the stills show, lock is maintained on the
target throughout the sequence. At times of rapid motion, the accuracy is reduced but
the colour component of the model enables the gross motion of the subject to be estimated
correctly. The tracked video sequence itself can be viewed at the thesis web site (see page 3).



Chapter 4. Object localisation and tracking with contour likelihoods 86

Figure 4.15: Head-tracking results. Typical frames from a 60-second real time sequence with a
hand-held moving camera and freely-moving subject. The tracked sequence itself is available from the
thesis web site (see page 3). A light-coloured contour indicates Rioc(X) < 1; dark-coloured implies
Rroc(X) > 1. (a) Initialisation mode. The light-coloured contour is just visible in the door frame. (b)
Immediately after initialising correctly. The dark contour is locked onto the subject. (c) Continued
correct tracking, despite major deviation from skin-colour model since most of the interior of the
contour consists of the subject’s dark hair. (d) During rapid motion, tracking continues but is much
less accurate; the skin-coloured region receives high likelihoods and thus aids robustness. (e) Again the
skin model fails but edge measurements enable tracking to continue. (f) Accurate tracking resumes.



Modelling occlusions using the
Markov likelihood

5.1 Detecting occluded objects

Previous chapters have explained how to perform statistical inferences about the presence
or absence of target objects in a scene. The objective of this chapter is to perform the same
inferences, even when parts of the targets may be occluded by unmodelled parts of the
background. A typical example is shown in figure 5.1, where the problem is to localise the
coffee mugs in the two images. Is it possible to design a system which reports the presence of
the unoccluded mugs, and in addition detects the occluded mug with an appropriate degree
of confidence? Note that a heuristically-based recognition system (relying, for example,
on the number of a certain type of feature matches) might have difficulty even with the
left-hand image since the two targets might have very different scores. This problem is
amplified in the right-hand image, where one mug is partially occluded: the heuristic scores
of the two targets are very unlikely to reflect the actual relative probabilities that targets are
present in those two configurations. In fact the contour likelihood ratio of Chapter 3 deals
satisfactorily with the left-hand image (as we shall see soon), but not with the right-hand
one. The crucial problem is that all the generative models of Chapter 3 assume outputs
on distinct measurement lines are independent. When many consecutive measurement lines
are occluded by an unmodelled part of the “background”!, this independence assumption
is violated badly, and unrealistic inferences are the result.

An essential component of systems which can output relative probabilities is a stochastic
generative model of how the measured image features are generated. The ideas of other
authors (e.g. Grimson et al., 1992; Leung et al., 1995; Lowe, 1992; Shimshoni and Ponce,
1995) were surveyed in Chapter 4 but none of these address the specific problem of interest
in this chapter, which is to obtain realistic inferences despite occlusion. Amir and Linden-
baum (1996) proposed a powerful method for assessing partially occluded targets, which

'Here the word “background” is used in the sense of background clutter, which is taken to be everything
other than the target objects. Hence it makes sense to talk of the background occluding the targets.
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(a) cups with no occlusion (b) one cup partially occluded

Figure 5.1: Can a localisation system produce meaningful results from scenes like
these? A heuristically-based system may or may not be able to detect both mugs in both
images after appropriate tuning. However, the real challenge is to report a realistic proba-
bility that the partially occluded mug in (b) is indeed a target. Heuristic scoring functions
are of little use in answering this challenge.

used graph partitioning and “grouping cues” to draw inferences on whether missing edge
information is due to occlusion. Although their model was designed entirely in terms of ele-
mentary probabilities, the output was chiefly useful for identifying a single best hypothesis.
Indeed, the likelihoods for plausible configurations tended to differ by many orders of mag-
nitude, possibly due to the assumption of independence between grouping cue measures.?
Another effective approach was suggested by Rothwell (1996). This used image topology,
and T-junctions in particular, to assess whether missing boundaries were genuine occlusions.
It is not clear to what extent the “verification scores” of Rothwell’s work can be used for
statistical inferences, but in any case, the methodology presented here uses measurements
based on a different set of image features. Hence the outputs of each system could in princi-
ple be fused to achieve even better performance. The “Markov likelihood” described in this
chapter uses a cyclic Ising model for occlusions on target boundaries. A similar approach
was developed independently by Rue and Husby (1997), who used the cyclic Ising model in
the context of Markov chain Monte Carlo simulations on medical images.

5.2 The problem with the independence assumption

A crucial assumption in all the generative models of Chapter 3 was Assumption 6, page 40:
that feature outputs on distinct measurement lines are statistically independent. For con-
venience, let us call all of those models independence generative models. This chapter will
introduce a new class of models called Markov generative models, by replacing Assumption 6
by something more appropriate that involves a Markov random field.

To understand why the independence assumption can lead to unrealistic results, suppose
a small but significant portion of the target outline is occluded — up to seven or eight

%If this is indeed the reason for this effect, then it makes an interesting comparison with the likelihoods
discussed in this chapter, since the Markov likelihood is designed to eliminate an independence assumption
from the contour likelihood ratio framework.
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measurement lines, for instance. Then the likelihood P(Z|x) of the measurements Z is
reduced dramatically, since according to our model of the feature formation process, seven
or eight unlikely events have occurred independently. An example is shown in figure 5.2.
In fact, only one unlikely event has occurred — a single interval of contour was occluded
— but the likelihood of the independence generative model does not reflect this.

(b) output using an independence
generative model with one mug
partially occluded

(a) output using an independence
generative model on unoccluded mugs

Figure 5.2: Relati e alues of the likelihood hen using independence genera
ti e models are not realistic for partial occlusions. Posteriors are estimated by the
factored sampling method of Chapter . The independence generative model performs ad-
e uately in (a), producing peaks in the posterior with similar magnitudes at each target.
However the results in (b), in which one target is partially occluded, are not at all realis-
tic. The displayed intensity of each contour in these figures is proportional to the log of its
likelihood. The right-hand peak in (b) is actually 10~ times weaker than the left-hand peak
and would be invisible on a linear scale. Note carefully the sense in which the independence
generative model has failed. oth mugs are successfully detected, as there are strong peaks
in the posterior at each target. However, the magnitudes of these peaks are not realistic
when interpreted as relative probabilities.

5. The arko generati e model

To solve the problem seen in figure 5.2, we need a model reflecting the fact that occlusion
events on nearby measurement lines are not independent. More specifically, the incorpo-
ration of such a model in a Bayesian framework will require a prior expressing the type
and amount of occlusion expected. The approach taken here is to express the prior as a
Markov random field (MRF), regarding the measurement lines round the contour® as the
sites of the MRF. The possible states of each site are “visible” and “occluded”. Formally,
suppose there are M measurement lines and denote the state of site by ;. We adopt the

he model described in this chapter is appropriate for that attached measurement line regime sec
tion .. . he same ideas apply to the ed regime but re uire some non trivial modi cations to work
correctly.
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convention that ; = 1 if site is occluded, and ; = 0 if site is visible. An entire state
vector ( 1,... ps) will normally be denoted just by s, and the set of all possible values of
s is written ; note that  has 2 elements. The prior on is denoted , and the next
section describes how the values of (s) were determined in our examples.

Meanwhile, we continue the derivation of the new Markov likelihood. Recall some
notation from Chapter 3: p (n; | ) is the pdf for a measurement line with intersection
number and intersection innovation . The basic idea behind the new generative model is
that intersections (i.e. target boundaries) on occluded measurement lines are invisible; these
measurement lines should have their intersection number set to zero. Formally, suppose the
target object is in configuration x. Then the Markov generative model for the formation of
edge features on the whole set of measurement lines 1,... js is as follows:

1. A (generally small, possibly empty) subset of the measurement lines is selected as the
occluded measurement lines, according to the prior  described in the next section.
In other words, we draw a value of the occlusion state vector s from the prior (s).

2. On each unoccluded measurement line ;, the feature generation process proceeds
independently with the pdf p ; (n; | ()) described in Chapter 3.

3. On each occluded measurement line ;, the feature generation process proceeds inde-
pendently with the pdfp (n; | ()) described in Chapter 3. That is, the intersection
number is set to zero on the occluded measurement lines.

Let P be the new likelihood, called the Markov likelihood, arising from this generative
model. The formula for P is obtained in just the same way as for the generative likelihood
P in Proposition 11, equation (3.3). Fix a value of the occlusion state vector s. Then
using the same notation as (3.3) we have

P@l.,s= JI aC*1 O I »:c* O (5.1)
ist = ist =1
Of course, to obtain an expression which can be used in calculating a new likelihood, we
must sum over all values of s, weighting by the prior probabilities (s). This gives

P (Z|x) = P (Z|x s) (s) (5.2)

There is a crucial difficulty in calculating the Markov likelihood: the sum in (5.2)
contains 2¥ elements (recall M is the number of measurement lines) — far too many
to be enumerated explicitly for typical values of M which are 10-100. Hence we must resort
to a simulation technique, or equivalently, a Monte Carlo integration. The Monte Carlo
method (Mackay, 1999) would be to draw sampless ' ...s  from , and estimate (5.2)
as

— P (Zlxs ) (5.3)
=1
In fact, the convergence of this method is generally not rapid enough for practical
estimation of the Markov likelihood. The results in this chapter were instead calculated
using an importance sampling technique described in section 5.7. Section 5.8 outlines the
method of using Markov chain Monte Carlo simulation to obtain the random samples

hese processes are also assumed to be independent of the processes on unoccluded measurement lines.
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5.4 rior for occlusions
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nd th p ob bility of nocclud dsit bt nt ooth occlud dsit s is
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s mpl fom simul tion of this p io is sho nin figu 5. .
tis oth dd ssingon futh qu stionh is it possibl to sp cify nd S

function of M th tot I numb of sit s in such y th t som d si bl st tistic 1
pop tis const nt? fso thnthismo gn 1 ppoch ouldb p f bl to
finding suit bl num ic llyfo chn «clssoft gt. nfotun t ly this tu ns out
to b th difficult p obl m. t tistic 1 physicists int st dinth s m qu stion

nd tt mpts to ns ithv 1dtoth th oyof nom lis tiongoupt nsfo m tions
Chndl 197. ision s <ch shv Isousd nomlis tionth oy though in
compl t ly diff nt cont xt toth p sntpoblm Gids 19 9; P 2z nd H itz 199
om unpublish d o sugg ststh tnum ic lschmsfo It ingth p mt s
myb of som us but thisisunncss yfo th x mpls dd ssdh sinc M is
fix din dv nc fo ny giv nloc lis tion p obl m.

5.5 ealistic assessment of multiple targets

Th fi st subs ction b lo givs bo doutlin nd xpl n tion of th  sult sho n in
figu 5.4. Th s cond subs ction givsp cis dtilsofho th xp imnt sc 1id
out.

1 planation of results

R c lou obj ctiv inint oducingth M ov1li lihood toobt in oughly qu l1p sin
th i lihood hn vlutd ttu t gt configu tions g dlssof h th sm 11
po tion of th outlin is occlud d.

To t st this ppli dth m thodtot on lyid ntic 1sc n s figu s5.1 nd b.
Th fistscn sho st ocoff mugs ithth i h ndl svisibl ;th s condsho sth s m
sc n but this tim th h ndl of th ight-h nd mug is occlud d by h nd hichis bout
to pic up th mug. igu sb. nd b sho th post io dist ibution sc lcul t d by
th ind p nd nc 1li lihood. Th n xt subs ctiond scib sind t il x ctly h tths
figu s p snt ndho thy c td. Whnnith mugisoccludd th t op s
in th dist ibution diff by f cto of bout —mnot p ticul ly listic sult but t
l stth p shv simil od sofm gnitud. Ho v h nth ight-h nd mugh s
its h ndl occlud d figu 5. b th ind p nd nc li lihood v lu t sth co sponding
p inth post io sb ing pp oxim t ly10 tim ssm 11 inm gnitud th nth p
fo th 1 ft-h nd mug Thisis ssnti llybc us m su m ntlins occlud d nd

eoff icholls, personal communication,
I am indebted to eoff icholls who pointed out the connection to renormalisation group theory and
suggested relevant literature.
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In the speci c case of statistical mechanical ibbs samplers, importance sampling is sometimes called
non olt mann sampling. n accessible survey of the techni ues involved is given in  handler,
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Uncertainty in Markov likelihood

standard error (%)
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