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FOREWORD

I am honored to have been asked to write a foreword to this comprehen-
sive, timely and extremely well-written book on Video Tracking: Theory and
Practice by Prof. Andrea Cavallaro and Dr. Emilio Maggio. The book is com-
prehensive in that it brings together theory and methods developed since the
early sixties for point object tracking that dominated aerospace applications
and the so called extended object tracking that arises in computer vision and
image processing applications. The publication of this book is timely as it pro-
vides a one stop source for learning about the voluminous body of literature
on video tracking that has been generated in the last fifteen years or so. The
book written in a lucid style will help students, researchers and practicing en-
gineers to quickly learn about what has been done and what needs to be done
in this important field. The field of computer vision is populated by computer
scientists and electrical engineers who often have different levels of familiarity
with principles of random process, detection and estimation theory. This book
is written in a way such that it is easily accessible to computer scientists, not
all of who have taken graduate level courses in random process and estimation
theory, while at the same time interesting enough to electrical engineers who
may be aware of the underlying theory but are not cognizant of the myriad
of applications.

Early work on video tracking was mostly concerned with tracking of point
objects using infrared sensors with military applications. The alpha-beta

xi



xii FOREWORD

tracker developed in the early years of this field soon gave way to the magic of
Kalman filter (continuous and discrete) and its variants. It is not an exagger-
ation to say that most existing systems for tracking objects are built on some
versions of the Kalman filter. Discussions of Kalman-filter based trackers may
be found in the many books written by Anderson and Moore, Bar-Shalom and
colleagues, Gelb, Blackman and Popli and many others. Theoretical underpin-
nings for the design of trackers are discussed in the classical book by Jaswinski.
Linear Kalman filters have been phenomenally effective for tracking problems
that can be modeled using linear systems corrupted by Gaussian noise. Their
effectiveness for non-linear and/or non-Gaussian tracking problems has been
mixed; the design of extended Kalman filters, iterated extended Kalman fil-
ters and non-linear continuous trackers for non-linear/non-Gaussian tracking
problems appears to be guided by science and art!

When trackers built for tracking point objects are generalized to tracking
extended objects like faces, humans and vehicles, several challenges have to be
addressed. These challenges include addressing the variations due to geometric
(pose, articulation) and photometric factors (illumination, appearance). Thus
one needs to either extract features that are invariant to these factors and
use them for tracking or incorporate these variations in an explicit way in
the design of trackers. The need to incorporate geometric and photometric
variations has necessitated the development of more sophisticated trackers
based on Monte Carlo Markov Chain techniques; the popular particle filters
belong to this family of trackers. Recently, several research monographs on
the theory and applications of particle filters to video tracking have appeared
in the literature. These are cited in the chapter on further reading.

This book begins with an inviting chapter that introduces the topic of
video tracking and challenges in designing a robust video tracker and then
presents an easy to follow outline of the book. Mathematical notations and
simple formulations of single and multi-object trackers are then given. It is
not an exaggeration to say that tracking is an application-driven problem.
Chapter 2 presents an excellent overview of applications from entertainment,
healthcare, surveillance, and robotics. Recent applications to object tracking
using sensors mounted on unmanned platforms are also discussed. Chapter 3
gives a nice summary of numerous features (intensity, color, gradients, regions
of interest and even object models) that one can extract for video tracking and
their relative robustness to the variations mentioned above. The chapter also
presents related material on image formation and preprocessing algorithms
for background subtraction.

Chapter 4 gives an excellent summary of models for shape, deformations
and appearance. Methods for coping with variations of these representations
are also discussed. Representation of tracked objects (appearance and mo-
tion) is critical in defining the state and measurement equations for designing
Kalman filters or for deriving the probabilistic models for designing particle
filters. Chapter 5 on tracking algorithms for single objects can be considered
as the “brain” of this book. Details of theory and implementations of Kalman
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filters and particle filters are given at a level that is at once appealing to a
wide segment of population.

Fusion of multiple attributes has been historically noted to improve the
performance of trackers. In video tracking applications, fusing motion and
intensity-based attributes helps with tracking dim targets in cluttered envi-
ronments. Chapter 6 presents the basics of fusion methodologies that will help
the design of shape, motion, behavior and other attributes for realizing robust
trackers. When multiple objects have to be tracked, associating them is the
central problem to be tackled. Popular strategies for probabilistic data asso-
ciation that have been around for more than two decades along with more
recently developed methods based on graph theory are elegantly discussed in
Chapter 7. When tracking multiple objects or multiple features on a moving
object, it is likely that some features will disappear and new features will arise.
This chapter also presents for handling the birth and death of features; this
is very important for long-duration tracking. The authors should be congrat-
ulated for having presented this difficult topic in a very easy to read manner.

The notion of incorporating context in object detection, recognition and
tracking has engaged the minds of computer vision researchers since the early
nineties. Chapter 8 discusses the role of context in improving the performance
of video trackers. Methods for extracting contextual information (to determine
where an object may be potentially found) which can be incorporated in the
trackers are also discussed. One of the practical aspects of designing trackers is
to be able to provide some performance bounds on how well the trackers work.
Many workshops have been organized for discussing the vexing but important
problem of performance evaluation of trackers using metrics, common data
bases etc. Although sporadic theoretical analyses has been done for evaluating
the performance of trackers, most of the existing methods are empirical based
on ground truthed data. Chapter 9 is a must read chapter to understand the
history and practice of how trackers are evaluated.

The book ends with an epilogue that briefly discusses future challenges that
need to be addressed, a strong appendix on comparison of several trackers
discussed in the book and suggestions for further reading.

I enjoyed reading this book which brings close to three decades of work
on video tracking in a single book. The authors have taken into consideration
the needs and backgrounds of the potential readers from image processing and
computer vision communities and have written a book that will help the re-
searchers, students and practicing engineers to enter and stay in this important
field. They have not only created a scholarly account of the science produced
by most researchers but have also emphasized the applications, keeping in
mind the science, art and technology of the field.

Rama Chellappa
College Park, Maryland.
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PREFACE

Video tracking is the task of estimating over time the position of objects of
interest in image sequences. This book is the first offering a comprehensive and
dedicated coverage of the emerging topic of video tracking, the fundamental
aspects of algorithm development and its applications. The book introduces,
discusses and demonstrates the latest video-tracking algorithms with a unified
and comprehensive coverage.

Starting from the general problem definition and a review of existing and
emerging applications, we introduce popular video trackers, such as those
based on correlation and gradient-descent minimisation. We discuss, using
practical examples and illustrations as support, the advantages and limita-
tions of deterministic approaches and then we promote the use of more effi-
cient and accurate video-tracking solutions. Recent algorithms based on the
Bayes’ recursive framework are presented and their application to real-word
tracking scenarios is discussed. Throughout the book we discuss the design
choices and the implementation issues that are necessary to turn the under-
lying mathematical modelling into a real-world effective system. To facilitate
learning, the book provides block diagrams and simil-code implementations
of the algorithms.

Chapter 1 introduces the video-tracking problem and presents it in a unified
view by dividing the problem into five main logical tasks. Next, the chapter
provides a formal problem formulation for video tracking. Finally, it discusses

xvii
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typical challenges that make video tracking difficult. Chapter 2 discusses cur-
rent and emerging applications of video tracking. Application areas include
media production, medical data processing, surveillance, business intelligence,
robotics, tele-collaboration, interactive gaming and art.

Chapter 3 offers a high-level overview of the video acquisition process and
presents relevant features that can be selected for the representation of a
target. Next, Chapter 4 discusses various shape-approximation strategies and
appearance modelling techniques.

Chapter 5 introduces a taxonomy for localisation algorithms and compares
single and multi-hypothesis strategies. Chapter 6 discusses the modalities for
fusing multiple features for target tracking. Advantages and disadvantages of
fusion at the tracker level and at the feature level are discussed. Moreover, we
present appropriate measures for quantifying the reliability of features prior
to their combination.

Chapter 7 extends the concepts covered in the first part of the book to
tracking a variable number of objects. To better exemplify these methods,
particular attention is given to multi-hypothesis data-association algorithms
applied to video surveillance. Moreover, the chapter discusses and evaluates
the first video-based multi-target tracker based on finite set statistics. Using
this tracker as an example, Chapter 8 discusses how modelling the scene can
help improve the performance of a video tracker. In particular, we discuss
automatic and interactive strategies for learning areas of interest in the image.

Chapter 9 covers protocols to be used to formally evaluate a video tracker
and the results it generates. The chapter provides the reader with a compre-
hensive overview of performance measures and a range of evaluation datasets.

Finally, the Epilogue summarises the current directions and future chal-
lenges in video tracking and offers a further reading list, while the Appendiz
reports and discusses comparative numerical results of selected methods pre-
sented in the book.

The book is aimed at graduate students, researchers and practitioners in-
terested in the various vision-based interpretive applications, smart environ-
ments, behavioural modelling, robotics and video annotation, as well as appli-
cation developers in the areas of surveillance, motion capture, virtual reality
and medical-image sequence analysis.

The website of the book, www.videotracking.org, includes a comprehensive
list of software algorithms that are publicly available for video tracking and
offers to instructors for use in the classroom a series of PowerPoint presenta-
tions covering the material presented in the book.

Emilio Maggio and Andrea Cavallaro
London, UK
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NOTATION

(w, h) target width and height

E, single-target observation/measurement space

FE; single-target state space

FEr image space

I, image at time index k

M (k) number of targets at time index &

N (k) number of measurements at time index k

X, multi-target state

7 multi-target measurement

(u,v) target centroid

X set of active trajectories at time index k

Z;. set of measurements assigned to the active trajectories at time index k
x the collection of states (i.e. the time series) forming the target trajectory

Dy (x) Probability hypothesis density at time index k

xXi



xxii NOTATION

F(E) collection of all finite subsets of the elements in £
Jrik—1 state transition pdf

k time index (frame)

Pk—1|k—1 prior pdf

Prjk—1 predicted pdf

Pr|x Posterior pdf

qr importance sampling function

x) state of a target at time index k

Ya:» collection of elements (e.g, scalars, vectors) {Ya, Ya+1,- - -

zr single-target measurement at time index k

gy likelihood

U}
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WHAT IS VIDEO TRACKING?

1.1 INTRODUCTION

Capturing video is becoming increasingly easy. Machines that see and under-
stand their environment already exist, and their development is accelerated
by advances both in micro-electronics and in video analysis algorithms. Now,
many opportunities have opened for the development of richer applications in
various areas such as video surveillance, content creation, personal communi-
cations, robotics and natural human—machine interaction.

One fundamental feature essential for machines to see, understand and
react to the environment is their capability to detect and track objects of
interest. The process of estimating over time the location of one or more
objects using a camera is referred to as video tracking. The rapid improvement
both in quality and resolution of imaging sensors, and the dramatic increase
in computational power in the past decade have favoured the creation of new
algorithms and applications using video tracking.

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 1
© 2011 John Wiley & Sons, Ltd



2 WHAT IS VIDEO TRACKING?

Figure 1.1 Examples of targets for video tracking: (left) people, (right) faces.

The definition of object of interest' depends on the specific application at
hand. For example, in a building surveillance application, targets may be peo-
ple (Figure 1.1 (left)?), whereas in an interactive gaming application, targets
may be the hands or the face of a person (Figure 1.1 (right)).

This chapter covers the fundamental steps for the design of a tracker and
provides the mathematical formulation for the video tracking problem.

1.2 THE DESIGN OF A VIDEO TRACKER

Video cameras capture information about objects of interest in the form of
sets of image pixels. By modelling the relationship between the appearance
of the target and its corresponding pixel values, a video tracker estimates the
location of the object over time.

The relationship between an object and its image projection is very complex
and may depend on more factors than just the position of the object itself,
thus making video tracking a difficult task. In this section, we first discuss the
main challenges in video tracking and then we review the main components
into which a video-tracking algorithm can be decomposed.

1.2.1 Challenges

The main challenges that have to be taken into account when designing and
operating a tracker are related to the similarity of appearance between the
target and other objects in the scene, and to appearance variations of the
target itself.

I Note that the terms target and object of interest will be used interchangeably in this book.
2Unmarked image from the CAVIAR dataset (project IST-2001-37540).
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Figure 1.2 Examples of clutter in video tracking. Objects in the background
(red boxes) may share similar colour (left) or shape (right) properties with the
target and therefore distract the tracker from the desired object of interest (green
boxes). Left: image from the Birchfield head-tracking dataset. Right: Surveillance
scenario from PETS-2001 dataset.

The appearance of other objects and of the background may be similar to
the appearance of the target and therefore may interfere with its observation.
In such a case, image features extracted from non-target image areas may be
difficult to discriminate from the features that we expect the target to gen-
erate. This phenomenon is known as clutter. Figure 1.2 shows an example of
colour ambiguity that can distract a tracker from the real target. This chal-
lenge can be dealt with by using multiple features weighted by their reliability
(see Chapter 6).

In addition to the tracking challenge due to clutter, video tracking is made
difficult by changes of the target appearance in the image plane that are due
to one or more of the following factors:

e Changes in pose. A moving target varies its appearance when projected
onto the image plane, for example when rotating (Figure 1.3(a)—(b)).

e Ambient illumination. The direction, intensity and colour of the ambi-
ent light influence the appearance of the target. Moreover, changes in
global illumination are often a challenge in outdoor scenes. For exam-
ple, ambient light changes when clouds obscure the sun. Also, the angles
between the light direction and the normals to the object surface vary
with the object pose, thus affecting how we see the object through the
camera lens.

® Noise. The image acquisition process introduces into the image signal
a certain degree of noise, which depends on the quality of the sensor.
Observations of the target may be corrupted and therefore affect the
performance of the tracker.
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(a) (b)

Figure 1.3 Examples of target appearance changes that make video tracking dif-
ficult. (a)—(b) A target (the head) changes its pose and therefore its appearance as
seen by the camera. Bottom row: Two examples of target occlusions. (¢) The view
of the target is occluded by static objects in the scene. (d) The view of the target
is occluded by another moving object in the scene; reproduced with permission of
HOSDB.

® QOcclusions. A target may fail to be observed when partially or to-
tally occluded by other objects in the scene. Occlusions are usually
due to:

— a target moving behind a static object, such as a column, a wall, or
a desk (Figure 1.3(c)), or

— other moving objects obscuring the view of a target (Figure 1.3(d)).

To address this challenge, different approaches can be applied that de-
pend on the expected level of occlusion:

— Partial occlusions that affect only a small portion of the target
area can be dealt with by the target appearance model or by the
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target detection algorithm itself (see Section 4.3). The invariance
properties of some global feature representation methods (e.g. the
histogram) are appropriate to deal with occlusions. Also, the re-
placement of a global representation with multiple localised features
that encode information for a small region of the target may increase
the robustness of a video tracker.

— Information on the target appearance is not sufficient to cope with
total occlusions. In this challenging scenario track continuity can
be achieved via higher-level reasoning or through multi-hypothesis
methods that keep propagating the tracking hypotheses over time
(see Section 5.3). Information about typical motion behaviours and
pre-existing occlusion patterns can also be used to propagate the
target trajectory in the absence of valid measurements. When the
target reappears from the occlusion, the propagation of multiple
tracking hypotheses and appearance modelling can provide the nec-
essary cues to reinitialise a track.

A summary of the main challenges in video tracking is presented in Fig-
ure 1.4.

Tracking
challanges

Similarity of
appearance
(clutter)

Sensor
noise

Variations
of
appearance

Figure 1.4 The main challenges in video tracking are due to temporal variations
of the target appearance and to appearance similarity with other objects in the
scene.
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WHAT IS VIDEO TRACKING?

INPUT TRACKER OUTPUT
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Meta-data
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representation management (states)
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Figure 1.5 The video-tracking pipeline. The flow chart shows the main logical
components of a tracking algorithm.

1.2.2 Main components

In order to address the challenges discussed in the previous section, we identify
five main logical components of a video tracker (Figure 1.5):

1. The definition of a method to extract relevant information from an image

area occupied by a target (Chapter 3). This method can be based on
motion classification, change detection, object classification or simply
on extracting low-level features such as colour or gradient (see Section
3.3), or mid-level features such as edges or interest points (see Section
3.4).

. The definition of a representation for encoding the appearance and the

shape of a target (the state). This representation defines the character-
istics of the target to be used by the tracker (Chapter 4). In general, the
representation is a trade-off between accuracy of the description (de-
scriptiveness) and invariance: it should be descriptive enough to cope
with clutter and to discriminate false targets, while allowing a certain
degree of flexibility to cope with changes of target scale, pose, illumina-
tion and partial occlusions (see Sections 4.2 and 4.3).

. The definition of a method to propagate the state of the target over time.

This step recursively uses information from the feature extraction step
or from the already available state estimates to form the trajectory (see
Chapter 5). This task links different instances of the same object over
time and has to compensate for occlusions, clutter, and local and global
illumination changes.
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4. The definition of a strategy to manage targets appearing and disappear-
ing from the imaged scene. This step, also referred to as track man-
agement, initialises the track for an incoming object of interest and
terminates the trajectory associated with a disappeared target (see
Chapter 7). When a new target appears in the scene (target birth), the
tracker must initialise a new trajectory. A target birth usually happens:

e at the image boundaries (at the edge of the field of view of the
camera),

e at specific entry areas (e.g. doors),

¢ in the far-field of the camera (when the size of the projection onto
the image plane increases and the target becomes visible), or

e when a target spawns from another target (e.g. a driver parking a
car and then stepping out).

Similarly, a trajectory must be terminated (target death) when the
target:

¢ leaves the field of view of the camera, or
e disappears at a distance or inside another object (e.g. a building).

In addition to the above, it is desirable to terminate a trajectory when
the tracking performance is expected to degrade under a predefined level,
thus generating a track loss condition (see Section 9.5.1).

5. The extraction of meta-data from the state in a compact and unambigu-
ous form to be used by the specific application, such as video annotation,
scene understanding and behaviour recognition. These applications will
be described in Chapter 2.

In the next sections we will discuss in detail the first four components and
specific solutions used in popular video trackers.

1.3 PROBLEM FORMULATION

This section introduces a formal general definition of the video-tracking prob-
lem that will be used throughout the book. We first formulate the single-target
tracking problem and then extend the definition to multiple simultaneous tar-
get tracking.

1.3.1 Single-target tracking

Let I ={I; : k € N} represent the frames of a video sequence, with I, € Ey
being the frame (image plane) at time k, defined in E;, the space of all
possible images.
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Tracking a single target using monocular video can be formulated as the
estimation of a time series

x={z;: keN} (1.1)

over the set of discrete time instants indexed by k, based on the information
in I. The vectors z € E,; are the states of the target and FE, is the state
space. The time series x is also known as the trajectory of the target in Ej.
The information encoded in the state x; depends on the application.

I, may be mapped onto a feature (or observation) space E, that highlights
information relevant to the tracking problem. The observation generated by a
target is encoded in z; € E,. In general, E, has a lower dimensionality than
that of original image space, E; (Figure 1.6).

The operations that are necessary to transform the image space E; to the
observation space E, are referred to as feature extraction (see Chapter 3).
Video trackers propagate the information in the state zj over time using
the extracted features. A localisation strategy defines how to use the image
features to produce an estimate of the target state x; (see Chapter 5).

We can group the information contained in zj into three classes:

1. Information on the target location and shape. The positional and shape
information depends on the type of object we want to track and on the
amount (and quality) of the information we can extract from the images.
We will discuss shape approximations for tracking in Section 4.2.

Eo

i
ég :

k

Figure 1.6 The flow of information between vector spaces in video tracking. The
information extracted from the images is used to recursively estimate the state of
the target (Key. Er: the space of all possible images; E,: feature or observation
space; E: state space; k: time index).
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2. Information on the target appearance. Encoding appearance information
in the state helps in modelling appearance variations over time. We will
cover target appearance representations in Section 4.3.

3. Information on the temporal variation of shape or appearance. The pa-
rameters of this third class are usually first- or higher-order deriva-
tives of the other parameters, and are optional. The description of
shape and appearance variations in the state will be discussed in
Section 4.3.3.

Note that some elements of the state x; may not be part of the final output
required by the specific application. This extra information is used as it may
be beneficial to the performance of the tracker itself. For example, tracking
appearance variations through a set of state parameters may help in coping
with out-of-plane rotations. Nevertheless, as adding parameters to the state
increases the complexity of the estimator, it is usually advisable to keep the
dimensionality of x; as low as possible.

Figure 1.7 shows examples of states describing location and an approxi-
mation of the shape of a target. When the goal is tracking an object on the

e

-
N

B @

(e, v, wh, ) (Uk, Vg, W, P, O)

{(ug,vr)ti=1,..,N

Figure 1.7 Example of state definitions for different video-tracking tasks.
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image plane, the minimal form of z; will represent the position of a point in
I, described by its vertical and horizontal coordinates, that is

zy, = (up, vg). (1.2)

Similarly, one can bound the target area with a rectangle or ellipse, defining
the state x;, as

Ty = (ukavkahkawkvek)a (13)

where yp = (ug,vy) defines the centre, hy the height, wy, the width and (op-
tionally) 6; the clockwise rotation. More complex representations such as
chains of points on a contour can be used. Chapter 4 will provide a compre-
hensive overview of shape and appearance representations.

1.3.2 Multi-target tracking

When the goal of video tracking is to simultaneously track a time-varying
number of targets, we can formulate the multi-target state X, as the vector
containing the concatenation of the parameters of the single-target states.
If M(k) is the number of targets in the scene at time k, and F(FE) is the
collection of all the finite subsets of F, then the multi-target state, X, is
the set

X, = {-rk,la-nmk,M(k)} € F(E;). (1.4)

Some multi-target tracking algorithms solve the tracking problem as the
association of multiple observations generated by an object detector over time
(see Section 3.5). In this case the single-target observation vector z; € E, is
composed of parameters defining a single detection. Typically these parame-
ters represent the position and size of a bounding box. Similarly to Eq. (1.4)
we can extend the definition of observation to multiple targets by defining the
multi-target observation (or measurement) Zj as the finite collection of the
single target observations, that is

Ze ={zu1, - 2N} € F(E,), (1.5)

formed by the N (k) observations. For simplicity, let us define the set of active
trajectories at frame k as

X = {Xn 1, Xp i)} (1.6)

and

Zi ={zr1, - Zp ) ) (1.7)
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where each zj; is the set of observations assigned to the trajectory ¢ up to
time step k. Multi-target tracking algorithms will be covered extensively in
Chapter 7.

1.3.3 Definitions

In order to evaluate the quality of the state estimation, we will quantify the
accuracy and the precision of tracking results:

The accuracy measures the closeness of the estimates to the real trajec-
tory of the target.

The precision measures the amount of variation in the trajectory es-
timates across repeated estimations that are obtained under the same
conditions. In other words, the precision measures the degree of repeata-
bility of a video-tracking result.

We will discuss the formal evaluation of the state estimation results in
Chapter 9. The state definitions that we will use throughout the book are
listed below. Similar definitions and notations are valid for representing the
measurements extracted from the images:

x: a vector in the state space

x: state of a target at time index k

Zq4.p: the collection of states between time indexes a and b

x: the collection of states (i.e. the time series) forming the trajectory

xy: the collection of all the states forming the trajectory of a target up
to time index k

x) ;. the state of the jth target at time index £

Zq:p,j: the collection of states of the jth target between time indexes a
and b

Xp,j: collection of all the states forming the trajectory of the jth target
up to time index k

X: a set of vectors in the single-target state space
Xp ={%k,1, Tk 2, Ty a(k) )¢ the multi-target state at time k

Xav = {Zab.1Tawn 2, .-} the set of trajectory states between time in-
dexes a and b

Xy = {xp1,Xk,2,...}: the set of trajectory states up to time k.

Figure 1.8 shows a pictorial representation of the symbols defined above
and used for a multi-target state.
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Tk,1

Tk—1,1

Figure 1.8 Pictorial representation of three trajectories: definitions of the sym-
bols used for a multi-target state.

1.4 INTERACTIVE VERSUS AUTOMATED TRACKING

Based on the amount of interaction with the users to identify the object(s) of
interest, video-tracking algorithms can be grouped into three classes, namely
manual, interactive (or supervised) and automated (or unsupervised). These
three classes are discussed below:

® Video tracking may be performed directly by the user. Manual tracking is
used when a high accuracy, for example in the definition of the boundaries
of the targets, is necessary. One example of application that requires
manual tracking is in film production, when the contour of a character
is selected and its evolution over time is defined by an operator, on
each frame. Although this procedure allows for a good definition of the
target position (or boundaries), it is very time consuming and cannot be
extensively used for large volumes of visual data.

® Automated tracking uses a priori information about targets that is en-
coded in an algorithm. For example, an object detector can be used to
initialise the tracker and/or to support the state estimation over time.
Examples of automated tracking methods are those based on face detec-
tion and moving-object segmentation (see Section 3.5). Fully automated
video-tracking techniques for real-world applications are still in their in-
fancy, because translating the properties defining a generic target into
algorithmic criteria is a difficult task in non-constrained scenes.

o [Interactive (semi-automated) strategies are used as a trade-off between a
fully automated tracker and a manual tracker. The principle at the
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Manual correction Manual initialisation
I Video I Video x
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Figure 1.9 Automated and interactive tracking. Block diagrams representing dif-
ferent configurations enabling user interaction in video tracking.

basis of semi-automated techniques is the interaction of the user
during some stages of the tracking process, where the information
about the target area is provided directly by the user. Interactive
tracking is used in tag-and-track applications (e.g. video editing and
surveillance) when an operator manually initialises (selects) a target
of interest that is then followed by the tracking algorithm. After the
user provides the initial definition of the target, the tracker follows
its temporal evolution in the subsequent frames thus propagating
the initialisation information. This second phase can be either unsu-
pervised, or the operator can still verify the quality of the tracking
results and correct them if needed. This allows, for example, video
editors or annotators to select the appearance of an object in a single
frame and then to propagate these changes over time, thus saving the
time-consuming task of manually editing each frame. Another example
of an application is camera control for surveillance, when a person is
selected by an operator and then automatically followed with a pan tilt
and zoom (PTZ) camera.

Schematic representations of different types of interactive procedure are
shown in Figure 1.9.

1.5 SUMMARY

In this chapter we introduced the concept of video tracking and discussed the
major steps in the design of a tracker. We defined a tracking taxonomy based
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on five building blocks that can be commonly identified in video-tracking al-
gorithms. In this context, we highlighted the factors that make video tracking
a difficult task. To cope with these factors, a tracker should have an invariant
representation of the target or else adapt the representation over time.

Next, we introduced the definition and a generic problem formulation that
is based on the concept of the state of a target. Moreover, we discussed a
classification of tracking algorithms that is based on the amount of interaction
with a user. Other classifications are possible as, for example, marker-based
and markerless tracking or causal and non-causal tracking.

In the remainder of the book we will discuss the fundamental aspects of
video-tracking algorithm design and the various implementation choices and
trade-off decisions that are necessary to define accurate video trackers.
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2.1 INTRODUCTION

Tracking objects of interest in video is at the foundation of many applications,
ranging from video production to remote surveillance, and from robotics to
interactive immersive games. Video trackers are used to improve our under-
standing of large video datasets from medical and security applications; to
increase productivity by reducing the amount of manual labour that is neces-
sary to complete a task and to enable natural interaction with machines.

In this chapter we offer an overview of current and upcoming applications
that use video tracking. Although the boundaries between these applications
are somehow blurred, they can be grouped in six main areas:

e Media production and augmented reality
e Medical applications and biological research
® Surveillance and business intelligence

¢ Robotics and unmanned vehicles

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 15
© 2011 John Wiley & Sons, Ltd
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e Tele-collaboration and interactive gaming

e Art installations and performances.

Specific examples of these applications will be covered in the following sec-
tions.

2.2 MEDIA PRODUCTION AND AUGMENTED REALITY

Video tracking is an important element in post-production and motion capture
for the movie and broadcast industries. Match moving is the augmentation of
original shots with additional computer graphics elements and special effects,
which are rendered in the movie. In order to consistently add these new ele-
ments to subsequent frames, the rendering procedure requires the knowledge
of 3D information on the scene. This information can be estimated by a cam-
era tracker, which computes over time the camera position, orientation and
focal length. The 3D estimate is derived from the analysis of a large set of 2D
trajectories of salient image features that the video tracking algorithm iden-
tifies in the frames [1,2]. An example of tracking patches and points is shown
in Figure 2.1, where low-level 2D trajectories are used to estimate higher-level
3D information. Figure 2.2 shows two match-moving examples where smoke
special effects and additional objects (a boat and a building) are added to the
real original scenes. A related application is wvirtual product placement that
includes a specific product to be advertised in a video or wraps a logo or a
specific texture around an existing real object captured in the scene.

Figure 2.1 Example of a camera tracker that uses the information obtained by
tracking image patches. Reproduced with permission of the Oxford Metrics Group.
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Figure 2.2 Match-moving examples for special effects and object placement in a
dynamic scene. Top: smoke and other objects are added to a naval scene. Bottom: the
rendering of a new building is added to an aerial view. Reproduced with permission
of the Oxford Metrics Group.

Another technology based on video tracking and used by media production
houses is motion capture. Motion capture systems are used to animate virtual
characters from the tracked motion of real actors. Although markerless motion
capture is receiving increasing attention, most motion-capture systems track
a set of markers attached to an actor’s body and limbs to estimate their poses
(Figure 2.3). Specialised motion-capture systems recover the movements of
real actors in 3D from the tracked markers. Then the motion of the makers is
mapped onto characters generated by computer graphics.

Video tracking is also used for the analysis and the enhancement of sport
events. As shown in the example of Figure 2.4, a tracking algorithm can
estimate the position of players in the field in order to gather statistics about
a game (e.g. a football match). Statistics and enhanced visualisations aid
the commentators, coaches and supporters in highlighting team tactics and
player performance.

2.3 MEDICAL APPLICATIONS AND BIOLOGICAL RESEARCH

The motion-capture tools described in the previous section are also used
for the analysis of human motion to improve the performance of athletes
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Figure 2.3 Examples of motion capture using a marker-based system. Left: retro-
reflective markers to be tracked by the system. Right: visualisation of the motion of
a subject. Reproduced with permission of the Oxford Metrics Group.

(Figure 2.5(a)—(b)) and for the analysis of the gait of a patient [3] to assess
the condition of the joints and bones (Figure 2.5(c)). In general, video track-
ing has been increasingly used by medical systems to aid the diagnosis and to
speed up the operator’s task. For example, automated algorithms track the
ventricular motion in ultrasound images [4-6]. Moreover, video tracking can
estimate the position of particular soft tissues [7] or of instruments such as
needles [8,9] and bronchoscopes [10] during surgery.

In biological research, tracking the motion of non-human organisms allows
one to analyse and to understand the effects of specific drugs or the effects
of ageing [11-15]. Figure 2.6 shows two application examples where video

Figure 2.4 Video tracking applied to media production and enhanced visualisa-
tion of sport events. Animations of the real scene can be generated from different
view-points based on tracking data. Moreover, statistics regarding player positions
are automatically gathered and may be presented as overlay or animation.
Reproduced with permission of Mediapro.
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Rower's knee angles

Figure 2.5 Example of video tracking for medical and sport analysis applications.
Motion capture is used to analyse the performance of a golfer (a), of a rower (b)
and to analyse the gait of a patient (c). Reproduced with permission of the Oxford
Metrics Group.
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Figure 2.6 FExamples of video tracking for medical research. Automated tracking
of the position of Escherichia colibacteria (left) and of Caenorhabditis elegans worms
(right). Left: reproduced from [14]; right: courtesy of Gavriil Tsechpenakis, [IUPUL
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tracking estimates the location of Escherichia coli bacteria and Caenorhabditis
elegans worms.

2.4 SURVEILLANCE AND BUSINESS INTELLIGENCE

Video tracking is a desirable tool used in automated wideo surveillance for
security, assisted living and business intelligence applications. In surveillance
systems, tracking can be used either as a forensic tool or as a processing stage
prior to algorithms that classify behaviours [16]. Moreover, video-tracking
software combined with other video analytical tools can be used to redirect
the attention of human operators towards events of interest.

Smart surveillance systems can be deployed in a variety of different indoor
and outdoor environments such as roads, airports, ports, railway stations,
public and private buildings (e.g. schools, banks and casinos). Examples of
video surveillance systems (Figure 2.7) are the IBM Smart Surveillance System

(©)

Figure 2.7 Examples of object tracking in surveillance applications. (a)—(b): Gen-
eral Electric intelligent video platform; (¢): ObjectVideo surveillance platform. The
images are reproduced with permission of General Electric Company (a,b) and Ob-
jectVideo (c).
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Figure 2.8 Examples of video tracking for intelligent retail applications. Screen
shots from IntelliVid software (American Dynamics).

(S3) [17,18], the General Electrics VisioWave Intelligent Video Platform [19]
and Object Video VEW [20,21].

Video tracking may also serve as an observation and measurement tool in
retail environments (e.g. retail intelligence), such as supermarkets, where the
position of customers is tracked over time [22] (Figure 2.8). Trajectory data
combined with information from the point of sales (till) is used to build be-
havioural models describing where customers spend their time in the shop,
how they interact with products dpending on their location, and what items
they buy. By analysing this information, the marketing team can improve the
product placement in the retail space. Moreover, gaze tracking in front of bill-
boards can be used to automatically select the type of advertisment to show or
to dynamically change its content based on the attention or the estimated mar-
keting profile of a person, based for example on the estimated gender and age.

2.5 ROBOTICS AND UNMANNED VEHICLES

Another application area that extensively uses video-tracking algorithms is
robotics. Robotic technology includes the development of humanoid robots,
automated PTZ cameras and unmanned aerial vehicles (UAVs). Intelligent
vision via one or more cameras mounted on the robots provide information
that is used to interact with or navigate in the environment. Also environment
exploration and mapping [23], as well as human-robot interaction via gesture
recognition rely on video tracking [24].

The problem of estimating the global motion of robots and unmanned
vehicles is related to the camera-tracking problem discussed in Section 2.2.
While tracking algorithms for media production can be applied off-line, video
trackers for robotics need to simultaneously localise in realtime the position
of the robot (i.e. of the camera) and to generate a map of the environment.
3D localisation information is generated by tracking the position of prominent
image features such as corners and edges [25,26], as shown in Figure 2.1.
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Figure 2.9 Example of object tracking from an Unmanned Aerial Vehicle. Repre-
duced with permission of the Oxford Metrics Group.

Information on the 3D position is also used to generate a 3D mesh approxi-
mating the structure of surrounding objects and the environment. In particu-
lar, UAVs make extensive use of video tracking to find the position of specific
objects on the ground (Figure 2.9) as well as to enable automated landing.

2.6 TELE-COLLABORATION AND INTERACTIVE GAMING

Standard webcams are already shipped with tracking software that localises
and follows the face of a user for on-desk video conferencing. Moreover, video-
based gaze tracking is used to simulate eye contact among attendees of a
meeting to improve the effectiveness of interaction in video-conferencing [27].
Video tracking technology for lecture rooms is available that uses a set of PTZ
cameras to follow the position of the lecturer [27-30]. The PTZ cameras exploit
the trajectory information in real-time to guide the pan, tilt and zoom param-
eters of the camera. To improve tracking accuracy, information from an array
of microphones may also be fused with the information from the camera [31].

Video tracking is also changing the way we send control to machines.
This natural interaction modality is being used in interactive games. For
example, the action of pressing a button on the controller is replaced by a set
of more intuitive gestures performed by the user in front of the camera [32]
(Figure 2.10). Likewise, in pervasive games, where the experience extends
to the physical world, vision-based tracking refines positional data from the
Global Positioning System (GPS) [33].

2.7 ART INSTALLATIONS AND PERFORMANCES

Video tracking is increasingly being used in art installations and perfor-
mances where interaction is enabled by the use of video cameras and often by
projection systems. The interactivity can be used to enhance the narrative
of a piece or to create unexpected actions or reactions of the environment.
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Figure 2.10 Examples of gesture interfaces for interactive gaming. The video
camera uses tracking technology to capture the gestures that are converted into
gaming actions. Reproduced with permission of GestureTek.

For example, tracking technology enables interaction between museum goers
and visual installations (Figure 2.11, left). Also, someone in a group can be
selectively detected and then tracked over time while a light or an ‘animated’
shadow is projected next to the selected person (Figure 2.11, right).
Interactive art based on video tracking can also enable novel forms of com-
munication between distant people. For example the relative position of a
tracked object and a human body may drive a set of lighting effects [34].

2.8 SUMMARY

In the past few decades an increasing effort driven by the creative, robotics,
defence and surveillance industries has been devoted to the development of

Figure 2.11 Examples of video tracking applied to interactive art installations.
A person interacts with objects visualised on a large display (left, reproduced with
permission of Alterface). An animated shadow (right) appears next to a person being
tracked.
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specialised video trackers, which are important components in a wide range of
applications. This chapter discussed a series of representative application ex-
amples in the field of video editing, interpretative surveillance, motion capture
and human-machine interactive systems. As the reliability of the algorithms
progresses and the type and variety of applications is ever increasing, an up-
dated list of applications and their corresponding description is available at
www.videotracking.org.
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FEATURE EXTRACTION

3.1 INTRODUCTION

The performance of a video tracker depends on the quality of the informa-
tion we can extract from the images. To understand how to better exploit
image information, in this chapter we briefly introduce the image formation
process and discuss methods to extract features that are significant for the
disambiguation of the objects of interest:

¢ from the background scene and
e from other objects.

Feature extraction is the first step in the tracking pipeline and allows us to
highlight information of interest from the images to represent a target. The
features to be extracted can be grouped into three main classes, namely:

e Low-level (e.g. colour, gradient, motion)
e Mid-level (e.g. edges, corners, regions)
e High-level (objects).

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 27
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3.2 FROM LIGHT TO USEFUL INFORMATION

Video tracking exploits the information captured by an imaging sensor and
generates a compact description of the localisation of objects of interest to be
used for the application at hand. In this section we briefly discuss the image
formation process that generates the input signal for a video tracker.

3.2.1 Measuring light

An imaging sensor is composed of an array of photosensitive elements, the
pixels. When the light hits a photosensitive element, due to the photoelectric
effect, the state of the element changes. This change is proportional to the
number of photons (i.e. the intensity of the light) hitting the element.

The photosensitive element works as a capacitor. We can obtain a quanti-
tative estimate of the light intensity by measuring the voltage at the output
pins of the photo element. For example, in grey-level sensors, zero voltage
(i.e. no photons) means black, while the maximum voltage is produced as a
consequence of many photons hitting the sensor (i.e. white).

Advancements in silicon technology allow for the integration of millions of
pixels on a single microchip where the pixels form a two-dimensional array
(Figure 3.1). The number of pixels of a sensor is also known as its resolution.
Due to the small size of the sensor (usually from 1 to 10 millimetres), a lens
is needed to concentrate the light on the array so that each pixel encodes the
information from different directions within the view angle of the lens.

3.2.1.1 The colour sensor Colour data acquisition follows a similar proce-
dure to that described above. However, differences exist between devices that

Light  Lens Sensor
Sensing Photons Filter rrF::;ErelL(
JAVAVASS
W W’
v N
Tracker AR JAVAVANS

Trajectories

Figure 3.1 Image sensing for video tracking. The light reflected by the objects
within the camera’s field of view is converted into digital information that is used
as input for the tracker.
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use one or multiple sensors:

¢ In colour devices that use a single sensor, different filters are positioned
in front of each pixel, as shown in Figure 3.1, to form an array. The
filters let through the light within a range of frequencies. Usually the
array is composed of three different filters that are sensitive to three dif-
ferent frequency bands. After analogue-to-digital conversion, the output
of neighbouring physical pixels is interpolated to generate a virtual rep-
resentation where each colour pixel is a triplet corresponding to the red,
green and blue colour components. Although single-sensor devices are
cheaper than multi-sensor devices, more than 60% of the information
carried by the light is lost during the filtering process, thus resulting
in suboptimal performance in terms of picture quality. Moreover, the
effective resolution is smaller than the number of physical pixels and
interpolation in each colour plane is necessary to reach the physical
resolution of the sensor.

e (Colour devices that use multiple sensors better exploit the photons pass-
ing through the lens. The filter array used in single-sensor devices is here
substituted by a prism that splits the photons according to their fre-
quency (i.e. their associated colour), thus forming multiple light beams.
Each beam is directed towards a separate sensor. The three charge cou-
pled device camera, the most popular multi-sensor device, uses a trichroic
prism (i.e. three beams) paired with three sensors. Unlike single-sensor
devices, in multi-sensor devices the interpolation of colour information
is not necessary and therefore the effective resolution is equal to the
physical resolution of each sensor.

A large variety of colour sensors exist that differ in terms of filter colour bands,
density of pixels per band and pixel arrangement. Also, sensors may operate
on frequency bands beyond the visible spectrum (e.g. infra red cameras) or
across multiple frequency bands of the electromagnetic spectrum (i.e. multi-
spectral and hyper-spectral cameras).

As a complete treatment of sensor technology is outside the scope of this
book, interested readers can refer to the book by Holts and Lomheim [1] for
an in-depth coverage.

3.2.1.2 From images to videos Digital video cameras activate the
electronic shutter multiple times per second, thus generating a sequence
of images depicting the scene at different time instants. The number of
activations per seconds defines the frame rate of the camera. The frame rate
varies from a few frames per second (fps) to hundreds or thousands fps for
special purpose cameras [2].

From a video-tracking perspective, the camera frame rate is a very impor-
tant parameter: higher frame rates facilitate tracking as, at equal object speed,
the magnitude of the motion between two frames is smaller. Therefore, simpler
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but faster algorithms that can run at high frame rates may perform better
than more elaborate but slower methods. Also, fast shutter speed used with
high-frame-rate cameras reduces motion blur, thus improving the sharpness
of the images with fast-moving objects.

3.2.1.3 Representing the video If we disregard the quantum effects due to
the discrete nature of the light, the voltage is still an analogue signal spanning
arange between zero and its maximum. To obtain a digital signal, an analogue-
to-digital converter maps the voltage onto a finite set of binary numbers. For
example, in many commercial cameras, the voltage is converted into an 8-bit
unsigned integer in the range 0-255. The collection of bits representing an
image is often referred to as a raw or uncompressed image. Similarly, a raw
video is the concatenation of the raw images representing subsequent frames.

The number of bits necessary to represent a raw image depends on two
factors: the image resolution and the colour depth, measured in bits per pixel.
The colour depth depends on the number of quantisation levels. In addition to
these two factors, in a raw video the number of bits per second also depends
on the frame rate.

The bandwidth and storage space required by raw video quickly grow
with increasing sensor resolution and quantisation levels. Consequently, the
management of raw videos is impractical in many applications and video
compression techniques are often used. Video coders aim to reduce the num-
ber of bits that are necessary to represent a raw video by exploiting spatial
and temporal redundancies between neighbouring pixels in the same frame
and across frames. Also, video coders take into account human factors to dis-
card perceptually irrelevant or less important data in order to increase the
overall compression ratio. As mainstream block-based coders [3] operate on
blocks of pixels in a frame separately, discontinuities between block bound-
aries can be relevant at high compression ratios. These blocking artefacts
artificially change the features within a frame, thus complicating the video-
tracking task. Moreover, lossy coders discard information that, although less
perceptually relevant, may be important for video tracking. For these reasons,
particular care has to be taken when compression artefacts are introduced in
a video prior to tracking.

An interesting link exists between video coders and algorithms that per-
form tracking in the compressed domain. As extra resources are necessary to
decompress video streams, tracking in the compressed domain is preferred
when computational power is limited. Compressed-domain trackers can use
some by-products of coding to localise objects in the scene. For example, the
phase in the frequency domain is associated with signal shifts, and possibly
motion, in the spatial domain. Moreover, motion vectors produced by tempo-
ral decorrelation techniques can be used for tracking targets [4].

3.2.2 The appearance of targets

The colour appearance of objects, which is measured through the process
described in the previous section, depends on three components:



FROM LIGHT TO USEFUL INFORMATION 31

e A source of visible electromagnetic energy

® The object itself, whose surface properties modulate the electromagnetic
energy

e A capturing device, such as a camera.

The combination of these three elements makes colour difficult to manage. Un-
derstanding the physics of light, reflection and image formation is a requisite
for effective feature extraction for target representation.

3.2.2.1 Reflection models Reflection models describe the spatial and chro-
matic properties of the light reflected from a surface. Examples of reflection
models are the Phong shading model and the dichromatic reflection model.

The Phong model [5] is an empirical local illumination model, which treats
point light sources only and models three types of reflected light:

e Ambient reflection, which models the reflection of light arriving at the
surface of the object from all directions, after being bounced around the
scene in multiple reflections from all the surfaces of the scene. As we will
see later, ambient reflection may have a strong influence on the perceived
colour of a target.

* Diffuse reflection, which models the reflection from non-shiny surfaces
that scatter light in all directions equally.

e Specular reflection, which models the reflection of light from mirror-like
surfaces. The specular reflected intensity represents the highlights, the
glossy reflection of objects, which is the result of the incident illumination
bouncing off the surface. Highlights on the surface of a target change the
local colour and gradient properties.

The intensity of the light reflected from the surface governs the appearance
of a target. The colour intensity at the surface of a target is the sum of the
intensities from each of the above three types of reflections.

The dichromatic reflection model [6] describes the light which is reflected
from a point on a dielectric, non-uniform material as a linear combination
(mixture) of:

e the light reflected at the material surface (surface reflection) and

e the light reflected from the material body (body reflection).

Surface reflection represents the highlights, the glossy reflection of objects.
It generally has approximately the same spectral power distribution as the
illumination [7]. The light which is not reflected at the surface penetrates into
the material body where it is scattered and selectively absorbed. Some fraction
of the light arrives again at the surface and exits the material. The light
travelling through the body is increasingly absorbed at wavelengths that are
characteristic for the material. The body reflection provides the characteristic
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target colour and reflects the light that is generally diffused equally in all
directions.

3.2.2.2 Local illumination variations Colour models that distinguish
colour changes at material boundaries from colour changes due to local il-
lumination variations, such as shading, shadows and highlights are desirable
to identify targets in an image, as delimited by material boundaries. In par-
ticular, shadows may modify the perceived target shape.

A shadow occurs when an object partially or totally occludes direct light
from a source of illumination. A shadow is visible when the position of the
camera is not coincident with the light source position. Shadows can be divided
into two classes:

e Self shadows, which occur in the portion of a target that is not illumi-
nated by direct light;

e (st shadows, which are the area projected by the target in the direction
of direct light.

Note that the spectral characteristics of the ambient light can be quite dif-
ferent from those of the direct light. For example, if there is another target
(or targets) casting its colour on the observed target, the latter is exposed
to ambient illumination that does not have the same spectral characteristics
as the incident illumination. This case is referred to as inter-reflection. If this
additional ambient illumination influences either the lit or the shadow regions,
then the colour of the two regions can be very different. This would make the
task of identifying the shadow region and the lit region as part of the same
observed target very complicated.

3.3 LOW-LEVEL FEATURES

This section presents an overview of colour representations, gradient and mo-
tion computation strategies. The goal is to understand how to exploit low-level
features in the different stages of target representation and localisation.

3.3.1 Colour

A wide variety of mathematical representations have been proposed for the
specification of colour. A colour space is a mathematical representation of our
visual perceptions, and allows us to analyse and manage colour. The branch of
colour science concerned with numerically specifying the colour of a physically
defined visual stimulus is colorimetry.

We define colour spaces based on the Commission Internationale de
I'Eclairage (CIE) colorimetry system [8,9]. The CIE system relies on the
principles of trichromacy, an empirical generalisation which sums up the ex-
perimental laws of colour-matching. The tri-chromatic theory states that any
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Figure 3.2 Original image used for colour space comparisons. Sample frame from
the PETS-2000 dataset.

colour stimulus can be matched in colour by proper amounts of three primary
stimuli (e.g. red, green and blue additive colours). This theory is based on the
hypothesis that the human retina has three kinds of colour sensors (cones),
and that the difference in their spectral responses contributes to the sensation
of colour.

The amounts of three primaries (tristimulus values of the spectrum) needed
to match a unit amount of power at each wavelength of the visible spectrum
is given by the colour-matching functions [10]. The colour-matching functions
are related to the spectral sensitivities of the three cones by linear transfor-
mations. A system classifying colour according to the human visual system
is defined by the CIE. This system weights the spectral power distribution of
the light emitted by an object in terms of three colour matching functions.
These functions are the sensitivities of a standard observer to light of differ-
ent wavelengths. The weighting is performed over the visual spectrum, from
around 360 nm to 830nm in 1nm intervals.

The above process produces three CIE tristimulus values, XYZ, which de-
scribe a colour (Figure 3.2 and 3.3). Chromaticity coordinates and colour
spaces can be derived from these tristimulus values. If we imagine that each
of the three attributes used to describe a colour are axes in a 3D space then
this defines a colour space. The colours that we can perceive can be repre-
sented by the CIE system. Other colour spaces are subsets of this perceptual

space.

X Y z

Figure 3.3 The three components of the XYZ colour space extracted from the
sample image in Figure 3.2. The visualisation of each figure is obtained by setting
to zero the values of the other two components.
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a b

Figure 3.4 The three components of the Lab colour space extracted from the
sample image in Figure 3.2. The figures for the two colour components were plotted
by setting the luminance value to a constant equal to the mean luminance of the
image.

3.3.1.1 CIELAB The L*a*b* values for XYZ tristimulus values X, Y, Z
normalised to the white are given by [8]

L* =116 (Y/Y,)® — 16 (3.1)
a* =500 [(X/X,)7 — (Y/Yn)ﬂ (3.2)
b* = 200 [(Y/Yn)% - (Z/Zn)%] (3.3)

* = Va*? + b2 h*, = arctan (b* /a* 3.4
ab ab

where Y,, X,,, Z, are the tristimulus values of the reference white.® L*
represents lightness, a* approximates redness-greenness, b* approximates
yellowness-blueness (Figure 3.4), C¥, chroma and A}, hue. The L*, a*, and b*
coordinates are used to construct a Cartesian colour space. The L*, C¥, and
h}, coordinates are the cylindrical representation of the same space.

3.3.1.2 CIELUV The L*u*v* values corresponding to CIE XYZ tristimulus
values Y, X,Z normalised to the white are given by:

L* =116 (Y/Y,)? — 16 (3.5)
u* = 131" (v —u)) v*=13L* (v =) (3.6)
Cr, = Vur? +u*? hy, = arctan (v*/u*) (3.7)

where v’ and v’ are the chromaticity coordinates of the stimulus and u/, and
v}, are the chromaticity coordinates of the reference white. L* represents light-
ness, u* redness-greeness, v* yellowness-blueness, C}f, chroma and h, hue. As

3This is only true for white greater than 0.008856.
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u v

Figure 3.5 The three components of the Luv colour space extracted from the
sample image in Figure 3.2. The figures for the two colour components were plotted
by setting the luminance to a constant value equal to the mean luminance of the
image.

-

in CIELAB, the L*, u* and v* coordinates are used to construct a Cartesian
colour space (Figure 3.5). The L*, C;, and h}, coordinates are the cylindrical
representation of the same space.

3.3.1.3 RGB The Red Green Blue (RGB) colour model is a non-linear
colour space that employs a Cartesian coordinate system, with the three axes
corresponding to the red, green and blue primaries (Figure 3.6). All colours
lie in the unit cube subset of the 3D coordinate system. The main diagonal of
the cube, with equal amounts of each primary, represents grey: black is (0,0,0)
and white is (1,1,1). The transformation to convert from the RGB space to
the device-independent CIE XYZ standard is given by

X X, X, X][R
Y=Y Y, %||G (3.8)
Z Z. Z, Z,| |B

R G B

Figure 3.6 The three components of the RGB colour space extracted from the
sample image in Figure 3.2. Each figure is obtained by setting to zero the values of
the other two components.
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where X, Y and Z are the desired CIE tristimulus values, R, G and B are
the displayed RGB values and X, X, and X, are the weights applied to the
monitor’s RGB colours to find X, and so on. These values can be found using

published specifications for the device. An example is the conversion between
RGB and CIE XYZ rec601-1 (D65). In this case the matrix is given by

X 0.607 0.174 0.200| | R

Y| =10299 0.587 0.114| |G (3.9
Z 0.000 0.066 1.111| |B
and the inversion by
R 1.910 —-0.532 —0.288]| |X
G| = |—0.985 1.999 —0.028( |Y (3.10)
B 0.0568 —0.118 —0.898| |Z

3.3.1.4 YIQ, YUV, YCbCr The YIQ, YUV and YCbCr colour spaces are
linear and their main feature is the separation of luminance and chrominance
information (Figure 3.7). Assuming that the RGB colour specification is based
on the standard Phase Alternating Line (PAL) and Sequentiel Couleur a
Memoire (SECAM) RGB phosphor whose CIE coordinates are: R : z, = 0.64,
¥ =0.33,G:zy =0.29,y, = 0.60, R : . = 0.15, 3. = 0.06, and for which the
white point is: z,, = 0.312, y, = 0.329, the mapping from RGB to YUV is de-
fined as [11]

Y 0299 0587 0.114] [R
Ul =|-0147 —02890 0437| |G (3.11)
1% 0.615 —0.515 —0.100| |B

U Y%

Figure 3.7 The three components of the YUV colour space extracted from the
sample image in Figure 3.2. The figures for the two colour components were plotted
by setting the luminance to a constant value equal to the mean luminance of the
image.
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Figure 3.8 The three components of the HSV colour space extracted from the
sample image in Figure 3.2. Hue and saturation values are mapped onto the range
[0,255] for visualisation. Note that, as hue is represented by an angle, white and
black image levels correspond to the same hue value.

The U and V components are bipolar, that is they have positive and negative
values. The inverse of the matrix in Eq. (3.11) is used for the conversion from
YUV to RGB

R 1.000  0.000 1.140| |Y
G| = [1.000 —-0.394 —-0.581{ (U (3.12)
B 1.000 2.028 0.000| |V

3.3.1.5 HSL The acronym HSL (hue, saturation, lightness) represents a
variety of similar colour spaces: HSI (intensity), HSV (value), HCI (chroma,
colourfulness, intensity), HVC, TSD (hue, saturation, darkness), and so on.
These colour spaces are non-linear transforms from RGB. For the YUV space,
there is the separation of the luminance component. In particular, the HSV
and the HSI spaces are considered here.

e In the HSV model (hue, saturation, value) (Figure 3.8), the coordinate
system is cylindrical, and the subset of the space within which the model
is defined is a six-sided pyramid, or hexacone. The top of the pyramid
corresponds to V' = 1, which contains the bright colours. Hue, H, is mea-
sured by the angle around the vertical axis, with red at 0°, green at 120°,
and so on. Complementary colours are 180° from one another. The value
of saturation, S, is a ratio ranging from 0 on the centre line (V axis)
to 1 on the triangular sides of the pyramid. The pyramid is one unit
high in V, with the apex at the origin. The point at the apex is black
and has a V coordinate of 0. At this point the values of H and S are
irrelevant. The point S = 0, V =1 is white. Intermediate values of V for
S =0 (on the centre line) are the greys. When S = 0, the value of H
is irrelevant. For example, pure red is at H =0, S =1, V = 1. Indeed,
any colour with V' =1, .S = 1 is akin to an artist’s pure pigment used as
the starting point in mixing colours. Adding white pigment corresponds
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to decreasing S (without changing V). Shades are created by keeping
S =1 and decreasing V. Tones are created by decreasing both S and
V. Changing H corresponds to selecting the pure pigment with which
to start.

Different transforms for the HSV space can be found in the literature.
One conversion algorithm between RGB space and HSV space is given
by [12]

H = 60h (3.13)
V = max(R, G, B) (3.14)
max(R,G, B) —min(R,G, B) .
g— max(R. G, B) if max(R,G,B)#0 (3.15)
0 if max(R,G,B)=0
with h defined as
G5 if R=max(R,G,B)
6B -R
h=4q2+ if G =max(R,G,B) (3.16)
1+ B2C o p = max(R, G, B)

with § = max(R,G, B) — min(R,G, B). If H <0, then H = H + 360.
R,G,B €[0,1] and H € [0, 360] except when S =0. S,V € [0,1].

The HSI model is defined as a cylindrical space, where the coordinates r,
0 and z, respectively, correspond to saturation, hue, and intensity. Hue is
the angle around the vertical intensity axis, with red at 0°. The colours
occur around the perimeter in the same order as in the HSV hexacone.
The complement of any hue is located 180° further around the cylinder,
and saturation is measured radially from the vertical axis, from 0 on
the axis to 1 on the surface. Intensity is 0 for black and 1 for white
(Figure 3.9).

As for the HSV space, different conversion algorithms from the RGB to
the HSI space can be found. The transformation given in [13] and [14] is

I:M%B Szl_w (3.17)
) VA(G - B)
H—arctan<(R_G)+(R_B)> (3.18)

In the last equation, arctan (y/x) utilises the signs of both y and x to
determine the quadrant in which the resulting angle lies. If the R, G and
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Figure 3.9 The three components of the HSI colour space extracted from the
sample image in Figure 3.2. Hue and saturation values are mapped onto the range
[0,255] for visualisation. Note that, as hue is represented by an angle, white and
black image levels correspond to the same hue value.

B radial basis vectors are equally spaced on the unit circle, then the x
and y components of an arbitrary point are given by

sop G+B_ %§

1
5 3 (G—B) (3.19)

(R-G)+(R-B)] y=

Another transformation can be found in [15]. Intensity, I, and satura-
tion, S, are defined as in Eq. (3.17). If S = 0, H is not defined. If S # 0,
then

(3.20)

H:M@%( 0.5((R—G) + (R — B)) )

V(R—G)?+ (R—- B)(G - B)

If (£ >9) then H=360—H. R,G,B € [0,1] and H € [0, 360], ex-
cept if S =0, when H is undefined. S, T € [0, 1].

3.3.2 Photometric colour invariants

Describing colour through features that remain the same regardless of the
varying circumstances induced by the imaging process is an important require-
ment for some video-tracking applications. Changes in imaging conditions are
related to:

e the viewing direction (a target changing its pose with respect to the
camera or the camera moving with respect to the target),

e the target’s surface orientation and

e jllumination conditions.

These changes introduce artefacts, such as shadings, shadows and highlights.
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Figure 3.10 The three components of the rgh colour space extracted from the
sample image in Figure 3.2. The normalised [0, 1] ranges are mapped back onto the
[0,255] range to produce grey-level images.

Photometric invariants are functions describing the colour configuration of
each image coordinate discounting one or more of the above artefacts. They
are discussed in this section, assuming white illumination, neutral interface
reflection and integrated white condition.

3.3.2.1 Hue and Saturation H and S components are insensitive to surface
orientation changes, illumination direction changes and illumination intensity
changes. In particular, in the colour space HSL, H is a function of the angle
between the main diagonal and the colour point in the RGB space. For this
reason, all possible colour points on the same surface region have to be of the
same hue.

3.3.2.2 Normalised RGB By dividing the R, G and B coordinates by their
total sum, the r, g and b components of the rgh colour system are obtained
(Figure 3.10). The transformation from RGB coordinates to this normalised
colours is given by

.___ R
 R+G+B

G
- 7 21
I"RiG+B (3.21)
. B
 R+G+B

This transformation projects a colour vector in the RGB cube onto a point on
the unit plane. Two of the rgb values suffice to define the coordinates of the
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colour point in this plane. Since rgb is redundant (b =1 — r — g), the preferred
normalised colour space is typically formulated as [13]

Y =aR+8G+~B

R
T =— " 3.22
'""R+G+B (3.22)
G
Ty= ——
" R+G+B

where «, 3 and ~ are chosen constants such that o« + 5+~ =1. Y is inter-
preted as the luminance of an image pixel, and 7} and T, are chromatic
variables. Note that the conversion between RGB space and normalised
rgb presents a singularity at the black vertex of the RGB cube. For
R = G = B =0, the quantities in Eq. (3.21) are undefined.

3.3.2.3 cicoc3 colour model The colour features c¢jcocs are defined to de-
note the angles of the body reflection vector [14], [16]

CcCl = arctan <Hlax(G"B)>
Cy = arctan <n1ax(]%,B)> (323)
c3 = arctan <1’nax(m>

These colour features define colours on the same linear colour cluster spanned
by the body-reflection term in the RGB space and are therefore invariants for
the dichromatic reflection model with white illumination.

3.3.2.4 hhbk colour model The colour model [;l3l3 proposed in [14] is a
photometric invariant for matte as well as for shiny surfaces. These colour fea-
tures determine uniquely the direction of the triangular colour plane spanned

by the two reflection terms. They are defined as a set of normalised colour
differences. Let us define K = (R — G)? + (R — B)? + (G — B)?, then

(R-G)?
K

Iy — @ (3.24)

(G- B)’
K

L =

Iy =



42 FEATURE EXTRACTION

Note that when evaluating in practice the invariance properties of these
colour features on real images, the assumptions of white illumination, neutral
interface reflection and integrated white condition must be considered and
evaluated. If they do not hold, an approximate invariance will be obtained.

3.3.3 Gradient and derivatives

Local intensity changes carry important information about the appearance of
objects of interest. These changes happen within the object itself and at the
boundary between the object and the background. At the boundary of the
target, changes are due to different reflectance properties of the object with
respect to the surrounding background. Within the target area, changes are
due to different reflectance properties of object parts (e.g. hair, skin, clothes
of a person), to textured areas, or to self shadows. In the following we discuss
how to quantify spatial intensity changes. The formulation we will present can
be easily extended to temporal changes as well.

The derivative of a 1D signal f(y) in the continuous case can be defined as

Of(Y) _ 1, T DY)~ fy) (3.25)

8y Ay—0 Ay ’

where Ay is a small variation of the input variable y. For a 2D signal, such
as an image I(u,v), we can define the partial derivatives with respect to each
variable, u and v, as Mg;’”) and dlg,;‘"), respectively. The 2D vector VI (u,v)

concatenating these two components is defined as

oI (u,v)  OI(u,v)

9 9 (3.26)

VI(u,v) = {

and is referred to as the image gradient. The image gradient can also be
represented in terms of its magnitude, |VI(u,v)|:

B lI(u,v)®  0I(u,v)”
|W<u7v>|—\/ CLASRAGUN

and orientation, 0y (y )

) o1 (u,v)/0u
0% 1(u,0) = arctan (3[(u, v)/8v> '

3.3.3.1 Sobel operator Various approximations of Eq. (3.25) exist for a
digital image. A widely used filter is the Sobel operator [17] that approximates
the gradient components by convolving the image I (u,v) with two 3 x 3 filters
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(kernels), S, (u,v) and S, (u, v), that highlight horizontal and vertical intensity
variations. The partial derivatives are computed as follows:

OI(u,v) 1 2 1
— =~ 0 0 0f=*I(u,v)=58,(u,v)*I(u,v) (3.27)
u -1 -2 -1
and
1 0 -1
I
Olw,v) 1y o _3 % I(u,v) = S, (u,v) * I(u,v), (3.28)
v 10 —1

where * is the discrete 2D convolution operand. As Sobel kernels are separable,
it is computationally convenient to implement the 2D convolution as two 1D
convolutions applied row- and column-wise, respectively

1
oI (u,v) _
—5u ~ 1 2 1]« 7(1) * I(u,v) (3.29)
and
I (u, v) !
—— =~ 0 —1]* |2| *I(u,v). (3.30)
v 1

Similarly to the Sobel operator, the Prewitt operator uses 3 x 3 kernels to
approximate the gradient. Moreover, other operators such as Roberts can ap-
proximate the gradient via 2 x 2 kernels. Due to the shape of the kernel, the
Sobel operator produces a better approximation than Prewitt and Roberts op-
erators. However implementation and computational considerations may lead
to select one of the two alternative methods. Figure 3.11 shows an example of
horizontal and vertical image-gradient computation using Sobel operators.

3.3.3.2 Scale selection When targets are expected to vary their distance
from the camera, it is desirable to be able to select the spatial scale of the fea-
tures highlighted by the filtering process [18]. Scale selection requires blurring
the original image to remove features at small scales. The blurring operation
can be either performed separately before the gradient computation or in a
single step. In the former case the image is first convolved with a discrete
Gaussian kernel approximating
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Figure 3.11 Approximation of the image gradient obtained using Sobel opera-
tors on the sample image in Figure 3.2. Left: horizontal derivative. Right: vertical
derivative.

o
o

where 02, the Gaussian variance, is also referred to as the scale parameter. All
the image structures that are smaller than o will be removed from the image.
The image is then filtered with a derivative operator, such as Sobel’s, that is

oI (u,v) (o) = 0 (G (u,v) * I(u,v))
v dv

~ Sy (u,v) * Gy (u,v) * [(u,v). (3.31)

In the latter case, using the derivative property of the convolution operator,
we can express %(0) as

A(u,v) 9 (Gy(u,v) % I(u,v)) _ Gy (u,v)
oo 9= v = *1(u,v). (3.32)

We can therefore convolve the image directly with the derivative of the blur-
ring function, which in our case is the Gaussian derivative defined as

0G, (u,v) u o _ulie?
Ov T ot __;GJ(U’U)'

Figure 3.12 shows an example of gradient approximation at different scales.
As the standard deviation o increases, the peaks on the edges become more
and more blurred. Also, peaks associated to small features and noise are pro-
gressively eliminated and only filter responses associated with large structures
remain visible.

As we will see in Section 3.4.2, simultaneous feature extraction at differ-
ent scales may be required by some video-tracking algorithms. To this end, a
Gaussian scale space [18] can be produced. The Gaussian scale space is a pyra-
mid of images blurred at evenly spaced scales. The pyramid can be obtained
by recursively applying Gaussian blurring to the image.
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Figure 3.12 Image gradient at multiple scales. Approximation of the horizontal
derivative using Gaussian derivatives with different standard deviations, o, on the
sample image in Figure 3.2. The larger o, the larger the image features highlighted
by the filter.
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Let us assume that given an image resulting from Gaussian blurring the
original data using a filter with scale o> we want to generate a new image
that is blurred at scale R? x o2, where R? > 1 defines the scale ratio. From
the properties of the convolution operator.

GRao (u,0) = Gag (u,v) * Gy (u,v) = G x5z (u, )
From this follows that
Ao =V R?—1,

where Acg? is the scale of the blurring operator to use on the image at scale

o? in order to obtain a result equivalent to blurring the original with a filter

at scale R? * 0.

Note that recursively blurring using small Ac? scales is less computation-
ally expensive than applying to the original image a bank of filters with in-
creasing o scales. Good approximations of the Gaussian operator require a
kernel size that is proportional to the root-squared scale. On the one hand, the
kernel size and the cost of convolving the original image increase with o. On
the other hand, Ao depends on the scale ratio only, and on evenly spaced scales
the computational cost will not depend on the nominal scale value ¢2. Finally,
to further reduce the computational cost, we can account for the loss of infor-
mation caused by repeatedly blurring the image: at each doubling of the scale,
neighbouring pixels will tend to store the same colour value and therefore,
without loss of information, the image can be downsized by a factor of two,
thus saving computations in the subsequent pyramid generation iterations.

3.3.3.3 Dealing with noise A common problem of image-gradient compu-
tation techniques, especially at small scales, is that they tend to emphasise
high spatial frequencies in the image, which can be associated with sensor-
generated noise. Figure 3.13 shows an example of this undesirable effect on

300
200
100
f. Ll

-100

- {200

-300

Figure 3.13 The effect of Gaussian noise on a small-matrix approximation of the
image gradient. Left: synthetic Gaussian image. Right: horizontal derivative.
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a synthetic image whose pixel values are generated by a Gaussian stochastic
process.

To increase robustness to noise, the gradient can be evaluated using a least-
squares estimate obtained from the structure tensor [19]

J(u,v) = //G(7 (u—u' v —0") VI, ) VI, ) du'dv, (3.33)

where J(.), the structure tensor, is a 2 x 2 symmetric matrix. The best local
fit to the magnitude and direction of the gradient are the largest eigenvalue
Amax (4, v) of J(u,v) and its associated eigenvector Ky« (u, v). Also, additional
infomation about the local neighbourhood is carried by the two eigenvalues
Amax (4, v) and Apin (u, v):

® Amin(u,v) = 0 in the presence of a sharp edge,
® Anax(w) & Apin (w) if no single orientation predominates.

An edginess measure, G(.), can be defined as [20]

G(w) = V/ Amax (W) = Ain (w)?. (3.34)

G(.) highlights neighbourhoods corresponding to strong straight edges and
penalises regions with isotropic gradient (i.e. Apin(w) # 0) that are often as-
sociated with image noise.

3.3.4 Laplacian

The approximations formulated for first-order derivatives can also be extended
to higher orders, such as the Laplacian:

_ %I (u,v) n %I (u,v)

2
VI(u,v) 502 52

i.e. the sum of the second-order derivatives, which highlights steep changes in
an image. Similarly to the procedure for the Sobel filter we discussed earlier,
an approximation of the Laplacian can be obtained by convolving the image
with a 3 x 3 kernel:

0 -1 0
Vi(u,v)~ |-1 4 —1| xI(u,v). (3.35)
0 -1 0

Figure 3.14 shows an example of a Laplacian approximation for an image.
As for the first-order derivatives, the (small matrix) Laplacian operator is
very sensitive to noise. As discussed before, this problem can be mitigated by
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Figure 3.14 Laplacian of the sample image in Figure 3.2 obtained using a small
3 X 3 kernel approximation.

o

combining the Laplacian with a Gaussian filter. The result is the LoG operator
that is defined as

LoG(u,v,0) = V2Gy (u,v) * I(u,v), (3.36)
with
1 u2 + 1}2 uiv?
9 _ el
\% Ga (u, ’U) = m (1 — 7) exp 20 . (337)

Figure 3.15 shows the shape of the LoG kernel and the result of the LoG
operation on a sample image. It can be seen that high variations in the filter
responses are localised in the proximity of strong edges.

-2
-4
-6
-8

Figure 3.15 Laplacian of Gaussian (LoG) operator. Left: 3D visualisation of a
LoG filter with o = 1. Right: result after the convolution of the LoG function with
the sample image in Figure 3.2.
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The LoG operator can also be approximated by the difference of Gaussians
(DoG) operator, which is defined as

DoG(u,v,0) = Gy (u,v) * I(u,v) — Gge (u,v) * I(u,v) = LoG(u,v,0). (3.38)

The scale ratio that gives the best approximation is R = 1.6. This solution is
commonly applied to generate Laplacian scale spaces: starting from smaller
scales, the image is iteratively convolved with a Gaussian filter with scale
Ao. The result is subtracted from the smoothed result generated in the
previous iteration.

3.3.5 Motion

Motion is an important feature in video tracking that can be used to detect
objects of interest and to favour their localisation over time. It is important
to note that motion cannot be directly measured in an image sequence: a
related measure is the variations of the intensity function with time. We can
distinguish two kinds of motion: 2D motion and apparent motion.

® 2D motion is the projection of the 3D real-world motion into the image
plane. The distribution over the image plane of such 2D motion vectors
constitutes the motion field.

e Apparent motion is what we consider to be motion when analysing the
temporal changes of the intensity function.

From a video sequence, we can only compute apparent motion, and then we
use this as an estimate of the 2D motion.

Motion estimation aims at characterising apparent motion by a
correspondence-vector field or by an optical-flow field. A correspondence vec-
tor describes the displacement of a pixel between two frames. The optical flow
is the distribution of apparent velocities that can be associated with apparent
motion. Estimating 2D motion through apparent motion is a very difficult
task. Apparent motion is highly sensitive to noise and to variations in scene
illumination. In addition to this, moving objects must be highly textured
to generate apparent motion. Motion estimation faces two other problems:
occlusion and aperture. The occlusion problem stems from the lack of a
correspondence vector for covered and uncovered background. The aperture
problem results from having a number of unknowns in the motion-estimation
problem which is larger than the number of observations. Thus, assumptions
are needed to obtain a unique solution. These assumptions are usually smooth-
ness constraints on the optical-flow field to achieve continuity.

Parametric or non-parametric representations can be used to describe the
motion field. Parametric models require a segmentation of the scene and de-
scribe the motion of each region by a small set of parameters. In the case of
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non-parametric representation, a dense field is estimated, where each pixel is
assigned a correspondence or flow vector.

The process of estimating the optical flow usually starts with a pre-filtering
step to descrease the effect of noise. Then, spatio-temporal mesurements are
performed to estimate the optical flow. The results are finally integrated
through contraints on local or global smoothness. The spatio-temporal
mesurements are based on gradients in differential techniques [21-23], on the
outputs of band-pass filters in phase-based techniques [24], on analysis of the
frequency domain in energy-based techniques [25] and on analysis of the simi-
larity between regions in correlation-based techniques [26-28]. Reviews of the
different techniques are given in [29,30], and comparative tests for performance
evaluation are reported in [31].

3.4 MID-LEVEL FEATURES

Mapping the image onto low-level features may not be adequate to achieve
a good summarisation of image content, thus reducing the effectiveness of a
video tracker. A widely used solution is to analyse the video using subsets
of pixels that represent relevant structures (e.g. edges and interest points) or
uniform regions, whose pixels share some common properties (e.g. colour).
In the next sections we will discuss how to generate these subsets for video
tracking.

3.4.1 Edges

Edge detectors generally produce a binary map that highlights the presence
of edges or edge elements in an image. This binary map is called an edge map.
As discussed in Section 3.3.3, edges are often associated with high responses
of first-order derivative operators. A very simple form of edge detection con-
sists in thresholding the image-gradient magnitude. The edge map, E(u,v),
is therefore computed as

1 |VI(u,v)|>T
0 otherwise

9

B =

where T' is an appropriate threshold that depends on the gradient computa-
tion technique and on the strength of the edges that we want to highlight.
Figure 3.16(a) shows a typical result from an edge detector based on the
Sobel operator.

Basic techniques such as the one just introduced present several short-
comings, mostly due to the locality of the information available during
thresholding. As shown in Figure 3.16(a), detections associated with a sin-
gle physical structure tend to be fragmented (i.e. the pixels labelled as edges
are not spatially connected). Also, it might be difficult to select a threshold
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(a) (b)

Figure 3.16 Sample results from two different edge detectors on the image in
Figure 3.2. Left: edge detection based on the Sobel operator (white pixels represent
large values of the gradient magnitude). Right: edge detection based on the LoG
operator (white pixels correspond to the zero-crossings of the LoG operator result).

value that allows sensitivity to weak edges while avoiding false detections
caused by image noise. To exploit edge spatial-continuity, techniques like the
Canny detector [32] first localise an initial edge point and then propagate
the result by following the normal to the gradient direction. Another class of
methods analyses variations of second- or higher-order image derivatives. A
popular edge localisation technique [33] relies on detecting the zero crossings
of the LoG image (Eq. 3.36). To detect horizontal and vertical zero crossings,
we can threshold the absolute value of the convolution between the rows and
the columns of the LoG-filtered image with a simple kernel [-1 1]:

[-1 1] *LoG(u,v,0)| >T Vv

{ 11} +LoG(u, v, 0)

0 otherwise

E(u,v) = >T

The threshold T defines the amount of gradient change that is necessary to
detect an edge. A sample edge-detection result based on the LoG operator
and zero-crossing detection is shown in Figure 3.16(b).

3.4.2 Interest points and interest regions

Interest-point detectors aim at selecting image features that can be accurately
and reliably localised across multiple frames, when pose and illumination
conditions may change. Most interest-point detectors tend to select highly
distinctive local patterns such as corners, prominent edges, and regions with
discriminative texture.
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In this section we will describe selected interest-point detectors, ranging
from the seminal Moravec detector [34] to scale-space detection approaches
based on the LoG operator.

3.4.2.1 Moravec corner detector The Moravec detector defines as an in-
terest point a position in the image that is characterised by large intensity
variations in multiple directions [34]. Given a small square region of fixed size
W (e.g. W =3 or 5) that is centred on a pixel with coordinates ¢ = (u,v),
the Moravec operator computes the intensity variations, v(c, s), in eight di-
rections. These directions are up, down, left, right and the four diagonal di-
rections. The intensity variation is computed as the sum of the squared differ-
ences between the pixel values in the region centred at ¢ and the pixel values
in the region obtained by a one pixel shift in one of the eight directions, where
s = (84, Sy ) is the shift vector. This can be expressed as

vie,s)= > [Ile+éd) —I(ct+é+s), (3.39)

le—cl <W
with
s € {(0,1),(0,-1),(1,0),(—1,0),(1,1),(—1,-1),(1,—-1), (=1, 1) }.
The measure of interest in a pixel, ¢(c), is estimated as

t(c) = rr{qin v(c, s).

x 10

= |

Figure 3.17 Example of interest-point detection based on the Moravec corner
detector on the sample image in Figure 3.2. Left: visualisation of the Moravec interest
score. Right: detected interest points (centres of the red circles).
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Figure 3.18 Example of interest-point detection based on the Moravec corner
detector on a toy target that undergoes rotation. As the response of the Moravec
cornerness score is anisotropic, the number and location of the detected interest
points may vary with the orientation of the target.

The left-hand side of Figure 3.17 shows an example of the interest score
(also known as the Moravec cornerness score) on a test image using the
Moravec operator.

The interest score in the image ¢(c) is thresholded to find local maxima
that are then associated with the interest points. The value of the threshold
is chosen to eliminate spurious peaks that are due to sensor noise. The right-
hand side of Figure 3.17 shows the resulting image locations that are detected
after thresholding ¢(c). The interest points are close to corners and strong
diagonal edges.

Althouth the Moravec detector is not computationally demanding, its ma-
jor drawback is that the response ¢(c) is anisotropic. As a consequence, the
output of the detector is not rotation invariant, thus negatively affecting the
repeatability of the interest-point detection under target rotations (see Fig-
ure 3.18).

3.4.2.2 Harris corner detector To favour repeatability in the detection of
interest points irrespective of the target orientation, a weighted version of
the differential score, v(c,s) (Eq. 3.39), and a Taylor approximation can be
used [35]. To simplify the notation without loss of generality, let us omit ¢ by
assuming that the coordinate system is centred at ¢ (i.e. ¢ = (0,0)). We can
define the weighted differential score as

v(s)= Y w@[I(@)—I+s), (3.40)

|5|1<W

where w(s) is a weighting kernel.
Unlike the Moravec detector, instead of shifting the region using a set
of predefined directions, the Harris detector approximates I(¢+ s) with its
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first-order Taylor expansion with respect to the shift s, centred at s = (0,0),
that is

I(é+s) =~ I(@)+ VIE)Ts. (3.41)

By substituting Eq. (3.41) into Eq. (3.40) one obtains

vis)~ Y w(@) [VIETs)”.

|é)y <W
Let us define the structure tensor matrix J as

J= Y w@VIE@VI@"; (3.42)

&) <W
from this we can rewrite the approximated differential score as
v(s) ~ st Js.

As pointed out when describing the Moravec operator, corners correspond to
large variations of v(s) in multiple directions. This corresponds to a specific
configuration of the eigenvalues Ay ax and Apj, of the structure tensor J:

e If Apax = Amin = 0 (both eigenvalues are zero), then we are in a flat
region of the image.

® If Ajax > Apin (there is one dominant direction), then the region corre-
sponds to an edge.

o If A\pin > 0 and Apax = Amin (large and similar eigenvalues), then the
region corresponds to a corner.

To avoid the computation of the eigenvalues, an alternative cornerness
score can be used (left-hand side of Figure 3.19), defined as

v = |J| — k trace(J)?,

where |.| denotes the determinant and k is an empirically determined constant
that adjusts the level of sensitivity between cornerness and edgeness.

As a final note, the selection of an isotropic kernel (e.g. a Gaussian) for
w(.) generates an isotropic response to image features, thus improving the
detection repeatability in case of in-plane rotations. The right-hand side of
Figure 3.19 shows a sample result from the Harris corner detector that uses
a Gaussian kernel with o = 1.5 and k& = 0.07.

3.4.2.3 Detection at multiple scales: interest regions While the Harris
corner detector improves the rotation invariance with respect to the Moravec
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Figure 3.19 Example of interest-point detection based on the Harris corner de-
tector on the sample image in Figure 3.2. Left: visualisation of the Harris interest
score. Right: detected interest points (centres of the red circles).

detector, the scale of the features surrounding the interest point will depend
on the kernel w(.) and, in the case of Gaussian kernels, the variance will be
linked to the scale. To favour the repeatability of the detected feature points
on targets that may vary their distance from the camera (i.e. to achieve scale-
invariance), we can detect features at multiple scales.

A simple solution is to produce a Gaussian scale space (see Section 3.3.3)
and to apply separately the Harris (or Moravec) detector at each scale. A
better approach is to detect features that are not only spatially salient, but
also have a distinctive scale. Since scale information is related to the size of a
region of interest around the interest point, multi-scale interest-point detectors
are also often referred to as interest-region detectors or blob detectors.

A popular approach for detecting interest regions uses the Laplacian oper-
ator V2 over a scale space [18] (Section 3.3.3). Let us assume that a LoG scale
space is available, derived from a Gaussian scale space by either computing
the Laplacian of all the Gaussian images or by using the LoG approxima-
tion based on DoG filters (see Section 3.3.3). We can consider the LoG scale
space as a 3D function LoG(u,v, o) where two dimensions are the positional
coordinates on the image and the third dimension spans the scale 0. Spatial
extrema of the LoG(u, v, o) operator are associated to uniform dark and white
blobs of sizes comparable with o (see also Figure 3.15). Therefore, to detect
interest regions that are distinctive in both space and scale, one can look for
points that are extrema of the 3D function LoG(u, v, o). Since the magnitude
of the LoG response also depends on the scale of the Gaussian filter, a common
solution is to replace the Laplacian V? with the scale-normalised Laplacian
0?V?. In practical terms, this multi-scale approach requires comparing each
3D coordinate of the normalised function o V?(u, v, o) with its 26 neighbours.

Further to the generic LoG-based approach, a set of post-processing steps
are usually applied to improve the repeatability of the detected interest
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Figure 3.20 Example of interest regions detected by the multi-scale SIFT
method on the sample image in Figure 3.2. The magnitude of the arrows is
proportional to the square root of the scale.

regions. For example, the interest-region detector used in the Scale Invari-
ant Feature Transform (SIFT) [36] refines the localisation procedure by
interpolating the 3D LoG function using on second-order Taylor expansion.
The same approximation is also used to discard spurious regions whose mag-
nitude |02 LoG(u, v, 7)| is smaller than a pre-defined threshold. Finally, poorly
defined peaks associated with spatial edges in 0 LoG(u,v, o) are eliminated
by thresholding the ratio of the eigenvalues of the LoG structure tensor.* Fig-
ure 3.20 shows the results of the region detector used in the SIFT approach.’

3.4.3 Uniform regions

Unlike video-tracking algorithms using relevant structures such as interest
regions to locate a target over subsequent frames, regions whose pixels share
some properties such as colour (see Section 3.3.1) or motion (see Section 3.3.5)
can be defined as the basis for tracking. To generate these uniform regions,
one can cluster selected low-level features within the target area [37].

Let G be the set of feature vectors, G ={g; :g; e RE,j=1,...,N},
where N denotes the number of pixels and g; = (g]l, e gJK ). A partition
can be represented as a matrix, in which the number of rows is equal to the
number of clusters, C, and the number of columns is equal to N. We denote
this matrix as U = {u;; }, where w;; is the membership value of element g; to
the ith cluster, C;. The membership value is defined as

o 1 if g; € Ci
Uig = {O otherwise. (343)

4See Eq. (3.42) for the definition of the structure tensor.
SResults obtained using the MATLAB code available at: http://www.vlfeat.org/~vedaldi/.
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Let U be the set of all C' x N matrices U, with 2 < C' < N. The space II of
partitions for G is the set

C N
D= UecU: u; €{0,1} Vi,j; > ujj =1Vj; 0<> uyy <NVig,

i=1 j=1

(3.44)

where the condition

imposes that each object g; belongs to exactly one cluster, and the condition

v
0<> uyy <N Vi (3.46)

i=1

means that no cluster is empty, nor do any of the clusters corresponds to the
whole set G. The set II represents the space of the solutions of the partition
problem, which needs to be explored in order to obtain the final partition. As
we will see in the following, the result of a clustering strategy may be either
a single partition (e.g. region growing, amplitude thresholding) or a set of
partitions (e.g. hierarchical clustering, pyramidal clustering).

A summary of feature-clustering approaches to generate uniform image
regions is presented in Figure 3.21.

3.4.3.1 Transition-based versus homogeneity-based clustering Depend-
ing on the strategy adopted to find structures in the feature space, cluster-
ing algorithms can be divided into transition-based methods (or boundary-
based) and homogeneity-based (or region-based) [38, 39]. Transition-based
methods aim to estimate the discontinuities in the feature space. They pri-
marily use gradient information to locate boundaries [40-43]. Examples are
active-contour methods (snakes) [42,43]. Gradient information is then pro-
cessed to obtain thin boundaries defining the partition. Local minima caused
by noise and quantisation errors make the transition-based methods generally
ill-conditioned. A small local error may in fact have significant consequences in
the final result. Homogeneity-based methods estimate the similarity among fea-
tures [44,45]. Examples are split and merge, and region growing. The feature
space is analysed on the basis of deterministic or probabilistic homogeneity
criteria.

A homogeneity-based clustering algorithm may be hierarchical or parti-
tional, based on whether the resulting classification is a nested sequence
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Target regions

Transition-based Homogeneity-based
clustering clustering
Partitional Hierarchical
Agglomerative Divisive

Figure 3.21 Taxonomy of feature-clustering methods for the generation of uni-
form image regions.

of partitions or a single partitioning. Furthermore, a homogeneity-based
algorithm is agglomerative or divisive, based on whether the algorithm pro-
ceeds by gradually merging clusters into larger and larger classes or by sub-
dividing larger clusters into smaller ones. In the following we discuss the most
common homogeneity-based methods.

3.4.3.2 Hierarchical clustering Hierarchical algorithms provide a sequence
of clustering results for a given feature space [46]. Spatially unconstrained hi-
erarchical algorithms can be either agglomerative or divisive. Agglomerative
hierarchical algorithms compare all the possible pairs of clusters and merge
those maximising a certain similarity criterion. The process stops when all the
elements of the feature space belong to one cluster.® Divisive hierarchical algo-
rithms consider all the possible partitions at a lower level and choose the one
satisfying a certain criterion. The process stops when each element of the fea-
ture space constitutes a separate cluster. Hierarchical algorithms allow one to
choose the best partition level according to the specific requirements of the
application, but they are computationally expensive.

A pyramidal technique may be seen as a spatially constrained agglomerative
hierarchical algorithm. Pyramidal techniques combine local and global infor-
mation to obtain partitions of the feature space. The main steps involved are

6Conditions (3.45) and (3.46) are not respected in hierarchical clustering when the extremes
of the hierarchy are the image itself (all the elements of the feature space belong to one
cluster) and the pixels (each element of the feature space constitute a separate cluster).
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blurring, linking, root labelling and downward projection [47,48]. The blurring
step operates in the data space, Z* , and creates copies of the original data
at several different scales. The copies are obtained by recursively low-pass
filtering the input data, and constitute the different layers of the pyramid.
The linking step operates in the feature space, RX, and establishes relation-
ships among elements at adjacent layers, according to their similarities, thus
defining a tree. Root labelling marks the elements representing a region in the
coarsest level. Finally, this labelling is propagated in the pyramid through
downward projection, thus defining the partitions. Different levels of the pyra-
mid correspond to different segmentations in the data space, Z* . This set
of segmentation results allows one to select the most appropriate partition
for the application at hand. Pyramidal techniques are usually not flexible,
since there is no possibility of correcting the mistakes made at one level with
the information of the upper levels. Furthermore, many pyramidal methods
are used on quadtrees, thus producing blockiness. They are computationally
complex, and produce disconnected regions.

3.4.3.3 Partitional clustering Partitional algorithms generate a single par-
tition of the visual data. Different techniques may be employed to this end,
as described in the following:

o JSODATA or C-Means The partition of the feature space is deter-
mined by sequentially scanning all the feature vectors g;, j =1,..., N.
The computation of the partition is based on the following steps: ini-
tialisation, classification, cluster update and cluster validation. In the
initialisation step the number of clusters C', 2 < C < N, is fixed and
then the first partition U(?) is generated. The successive steps are itera-
tively performed as follows. For each iteration [ = 0,1, ...

1. Compute the centroid, vl(l), of each cluster for the partition U’
(cluster update).

2. Associate each feature vector, g;, with the closest centroid to obtain
U (classification).

3. Compare the new and the previous partition, U*+1) and UWY. Stop
the process if the difference between the two consecutive partitions
is smaller than a certain threshold, otherwise go to step 1 (cluster
validation).

In the cluster-update step, the criterion that measures the desirability of
clustering candidates may be the minimisation of an objective function.
In such a case, the clustering process corresponds to the minimisation
of a functional. Typically, local extrema of the function are defined as
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optimal clustering. At each iteration, the algorithm aims to evaluate the
partition that minimises the functional J, expressed by

N C
J(U,v) =YY u;D(gj,vi) (3.47)

j=1i=1

where D(g;,v;) is the distance between the ith centroid v; and the
feature vector corresponding to the jth pixel, g;. For ISODATA, the
distance measure is the Euclidean distance, and the measure of cluster
quality is the overall within-group sum of squared errors (WGSS) be-
tween the g; and the centroids v; [49,50]. An interesting modification of
the traditional ISODATA algorithm is to consider the membership value
u;; as a continuous variable, instead of a binary value. Thus, we obtain
the so-called fuzzy C-Means algorithm [51]. Furthermore, the distance
measure D(-) may be modified, so as to influence the shape of the cluster.

Region growing Region growing is based on finding similarities in the
neighbourhood of a pixel to form a region. Region-growing techniques
perform the following steps: initialisation, search and mark [52,53]. The
initialisation step operates in the data space, Z , by selecting a certain
number of points in the image. These points constitute the seeds for
the searching procedure which operates in the feature space, RX, by
considering feature vectors of points in the neighbourhood of the seeds.
Finally, the mark step selects the most similar neighbourhood according
to the chosen criterion and marks it with the same label as the seed.
The search and the mark steps iterate until the last point is classified.

According to the searching technique they employ, region-growing
techniques can be classified as single linkage, hybrid linkage and centroid
linkage [54]. The single linkage works at pixel level and therefore is
sensitive to noise. This technique can be improved either by introducing
a pre-filtering step or by a hybrid-linkage approach. The hybrid-linkage
approach considers the properties of a neighborhood of a pixel in the
search step. Finally, in the centroid linkage the pixel is compared to the
mean properties of the neighboring clusters.

As general comment, region-growing methods lack global analysis
and are quite sensitive to noise. Moreover, since the initialisation
step is critical, the use of region-growing techniques is preferable for
intermediate results and refinements.

Split and merge Split-and-merge techniques split clusters that are
not sufficiently uniform and merge adjacent clusters which are similar
enough. Examples of split-and-merge approaches are quadtree [55, 56]
and octree [57]. In general, splitting is applied until the partition is
composed of regions characterised by sufficiently uniform features. Next,
adjacent regions are recursively merged together in order to obtain
larger uniform areas.
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e Watershed techniques Watershed techniques are based on mathematical
morphology [58]. Here, segmentation can be seen as a flooding process.
Two main steps can be identified: minima detection and growing.
The minima are detected using the spatial gradient. These minima
constitute the seeds from which the clusters grow according to the
gradient value. In this aspect, watershed techniques are similar to
region-growing techniques. Watershed methods can be used to create
coarse results, which are then refined with other techniques such as split
and merge.

e Amplitude thresholding Amplitude thresholding is based on the hypoth-
esis that regions can be distinguished based on the amplitude of their
features [59,60]. Typical examples are grey-level and colour thresholding.
In these cases, a histogram is constructed with the pixel intensities. A
threshold is then selected either manually or by analysing the histogram
representing the frequencies of occurrence of the amplitude of the
features. Different strategies have been proposed for threshold selection
based on scale-space analysis [61] and fuzzy logic [62]. Amplitude-
thresholding methods are very effective in particular problems, such
as in segmenting X-ray images or black and white printed documents,
but they are not general enough due to the hypotheses on which they
are based. However, effective methods to compute the thresholds exist
when the statistics of the features are known. Change detection based
on background subtraction is an example of amplitude thresholding
that will be described in the next section.

3.5 HIGH-LEVEL FEATURES

In order to define an object of interest, one can either group mid-level features,
such as interest points and regions, or can detect directly the object as a whole
based on its appearance. We refer to the results of object detection as high-
level features. High-level features can be the centroid, the whole area or the
orientation of a target.

Object detection can be performed by modelling and then classifying either
the background or the foreground (Figure 3.22). On the one hand, a classi-
fier can be trained on the appearance of the background pixels, and then a
detection is associated with each connected region (blob) of foreground pix-
els [37,63]. On the other hand, a set of classifiers can be trained to encode
the information that is representative of a specific class of targets, the fore-
ground [64]. Background-based object detectors work mostly with static cam-
eras and are sensitive to illumination changes. Object-based detectors instead
cope with camera motion, but cannot localise targets whose appearances differ
from those of the training samples.
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Figure 3.22 Object detection based on background and foreground models, and
their fusion.

3.5.1 Background models

A variety of approaches for detecting moving objects are based on background
subtraction [37,63]. Background-subtraction algorithms use the static camera
assumption to learn a model of the intesity variations of the background pixels.
Foreground moving objects are detected as they cannot be explained by the
(learned) background model (Figure 3.23). In production studios, background

Figure 3.23 Examples of output from an object detector based on background
modelling and corresponding bounding boxes representing the objects (connected
components). Left: sample frame from a video surveillance scenario from i-Lids
(CLEAR-2007) dataset; reproduced with permission from HOSDB. Right: object
detector output.
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subtraction is a popular technique whose reliability is enhanced by position-
ing a special type of clothing in the background [65]. The special reflective
properties of this clothing facilitate the pixel classification procedure.

The estimation and the update of the background model can be performed
by collecting statistics of the pixel values over time. Possible solutions are
to use the mean and standard deviation of the pixel values [37], a mixture of
Gaussians [63] or kernel-density estimation [66]. The Gaussian Mixture Model
(GMM) [67-69] updates the parameters of the mixtures to cope with global
illumination changes. However, objects that are stationary for a long period of
time are gradually assimilated into the background model. As a consequence,
the update speed is usually a trade-off between fast updates required to cope
with sudden illumination changes and slow updates necessary to allow the
detection of slow or stopped objects. A possible solution is to modify the
learning rate in the region around a moving object depending on its speed [67].
As an alternative, a layered background can be used to maintain a record of
the object appearance and keep the knowledge of the object presence. Also,
edge information can help in detecting objects when they become static [68].
Once the edge structure of the background is learned, a pixel is classified as
foreground by comparing its gradient vector with the gradient distribution of
the background model.

Background-based methods tend to fail when in a short period of time
the appearance of the background varies significantly, such as, for example,
when clouds obscure the sun. The problem is that the model used to represent
the typical changes is relatively simple compared to the complexity of reflec-
tions and illumination variations in a real-world scene. Another limitation of
background-based detection algorithms is their intrinsic inadequacy in deal-
ing with object interactions, such as object proximity and occlusions. In these
situations, the blobs associated to two objects merge into one, thus resulting
in a single-object detection. When the overlap between the objects is limited,
then projection histograms can be used to split the blobs [67]. Also, motion
prediction based on trajectory data can help to estimate the likelihood of an
occlusion, thus allowing the association of a single blob with two objects [70].

In a number of applications, it is simpler to learn the appearance of a
specific class of objects than to model the appearance of the background.
This will be discussed in the next section.

3.5.2 Object models

Object detectors model the appearance of a pre-defined class of targets. The
model is computed by learning representative features of the selected class
(Figure 3.24).

For example, colour-based segmentation (see Section 3.4) can be used to
detect faces of people. In this case, the face-detection task consists in finding
pixels whose spectral characteristics lie in a specific region of the chromaticity
diagram. More general object-detection approaches (e.g. not limited to colours
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Figure 3.24 Learning a target-class model based on positive and negative samples
of a target class. The class model is then used for detecting candidate targets (Z;)
in the images (Ii).

that are specific to object classes) are based on training a set of classifiers
[64,71] using images containing representative samples of the class. A target
is then detected when a region in the frame generates high classifier responses
to the learned features.

Edgelets [72] or Haar wavelets [73] are used in Adaboost algorithms as
weak object classifiers that are combined in a cascade to form a strong object
classifier [71]. Moreover, detectors trained on parts of the object can be used
to deal with cases of occlusion [72].

Although more robust to changes in illumination, class-specific detectors
tend to fail when other objects in the background have a similar appearance
to the trained targets. A typical output of the Haar wavelets frontal-face

Figure 3.25 Sample face-detection results based on a cascade of weak classi-
fiers [73]. The algorithm correctly detects the face but produces a false detection
on the red T-shirt.
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detector [73] is presented in Figure 3.25. The faces are correctly detected when
are in frontal pose. However, the edges over the folds of a T-shirt produce a
false detection as they are misinterpreted as the features of a face. To limit
false-positive detections, object classifiers can also be used in conjunction with
the results of a background-subtraction algorithm [70, 74].

3.6 SUMMARY

This chapter presented an overview of relevant features that are at the basis
of the description of a target. In particular we discussed colour, motion and
the gradient serving as basis for the choice of the most appropriate features
for the tracking task at hand. We also discussed algorithms for the extraction
of edges and interest points as well as object detectors based on the modelling
of either the class of targets or the background of a scene.

In the next chapter we will describe how these features can be used to build
a meaningful representation for a target.
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TARGET REPRESENTATION

4.1 INTRODUCTION

A target representation is a model of the object of interest that is used by a
tracking algorithm. This model includes information about the shape and the
appearance of the target. The model for a specific target can be computed in
different ways:

® [t can be defined a priori
e [t can be a snapshot of the target
e [t can be learned from a set of training samples.

In this chapter we review relevant target-representation strategies and we
study in detail how to define a target in terms of its shape and its appearance.
The shape and the appearance information of the model can be encoded at
different levels of resolution or rigidity. For example, one can use a bounding
box or a deformable contour to approximate the shape of the target, whereas
the appearance information can be encoded as a probability density function
of some appearance features computed within the target area.
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Illumination changes, clutter, target interactions and occlusions generate
uncertainties in the observations. These uncertainties have to be taken into
account when designing a tracker and in particular when defining how to
represent a target, as discussed in the following sections.

4.2 SHAPE REPRESENTATION

As mentioned in Section 1.3, there are several ways to represent (approximate)
the shape of a target. We divide the shape approximations into three groups:
basic, articulated and deformable representations (Figure 4.1). These classes
are discussed in the next sections.

4.2.1 Basic models

4.2.1.1 Point approximation The simplest approach is to approximate the
object shape with a single point on the image plane that usually corresponds
to the object centroid (left side of Figure 4.1). This choice is common with
trackers based on object detectors (see Chapter 7), as the appearance and
size of the object in the image is accounted for at the detection stage. A
large body of literature on point-tracking algorithms exists as this problem

Shape
.— representation —_

Basic

' Deformable

ﬂ

g

Figure 4.1 Summary of shape approximations for video tracking. Left: basic rep-
resentations (single point, rectangle, ellipse, cuboid, wire-frame). Centre: articulated
representations based on connected points or regions. Right: deformable contours
and point-distribution models.
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has been largely investigated by the radar community, where the point
approximation is dominant [1]. Point trackers have important limitations
when a target is occluded as they do not provide an estimate of the target
size. For this reason, it is not possible to detect overlaps on the image plane
using single-point-based representations.

4.2.1.2 Area approximation Area-based representations bound the target
with a simple shape like a rectangle or an ellipse [2, 3] (left side of Figure 4.1).
The tracking algorithm relies then on information provided by the entire tar-
get area. Examples of such information are motion, colour and gradient [4].
Tracking is performed by estimating the parameters describing possible trans-
formations of these approximated shapes. For example, in the case of the el-
lipse, the position of the centroid, the length of the axes and the rotation
angle are part of the target state x; [2]. Affine parameters instead are often
used when a parallelogram bounds the target [5].

4.2.1.3 Volume approximation Although area trackers combined with ap-
propriate appearance models can infer occlusions (see Section 4.3.3), the lack
of depth information limits the effectiveness of these shape approximations to
simple tracking scenes.

When possible, tracking the spatial volume occupied by the target facili-
tates handling multiple objects occluding each other because, given camera
calibration information, the relative position with respect to the camera can
be estimated. One can bound the target volume using a cuboid or an ellipsoid
(left side of Figure 4.1). This solution is often used when the actual 3D shape
of the object is not known a priori. The volume can be estimated using either
monocular vision under strong assumptions on the target movement (e.g. the
target moves on a plane) or multiple calibrated cameras with overlapping
views. Less stringent assumptions are required when the object is rigid and
its 3D shape (or a good approximation of it) is known a priori. For example,
3D models like the one shown on the left side of Figure 4.1 have been largely
used [6]. The major drawback of these methods is their lack of generality. This
prevents tracking objects that are not in the database of available 3D shapes.
For example, the method in [6] is aimed at highway traffic surveillance, thus
the models in the database correspond to vehicles.

4.2.2 Articulated models

Articulated models approximate the shape of the target by combining a set of
rigid models (i.e. points, areas or volumes) based on topological connections
and motion constraints [7]. The motion constraints between connected rigid
models are defined by kinematic joints to form a set of kinematic chains. For
example, simplified versions of the topology of the human skeleton can be
used for full-body tracking. In this case the state is composed of the global
3D position of the target augmented with a set of parameters representing
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the joint angles between bones (middle of Figure 4.1). Examples of articu-
lated models are those used in motion-capture applications (see Chapter 2).
In marker-based motion capture, actors sensorised with markers are tracked
in 3D using calibrated cameras. The marker model uses a point approximation
where one or more markers are associated with a limb. The relative motion
between the groups of markers is represented by the articulated model (centre
of Figure 4.1). By solving the inverse kinematic problem, the skeletal model
is fit to the tracked marker data. In marker-less motion capture, the point
model is substituted with a coarse region or volume-based approximation or
with a more complex surface model [8].

4.2.3 Deformable models

Shape rigidity or kinematic assumptions as described above cannot be en-
forced for all target classes. In fact, prior information on the object shape
may not be available, or the object of interest may undergo deformations that
are not well modelled by canonical joints. To represent these types of targets
fluid models, contours or point distribution models can be used.

4.2.3.1 Fluid models Instead of tracking the entire target area, homoge-
neous regions or interest points can be identified on the object and then used
to track its parts. No explicit motion constraint between the different parts is
enforced. For example, in [9] the parts to be tracked are the detectable cor-
ners of the object. Independently tracking the parts results in stable object
tracks even in cases of partial occlusions. However, the problem of grouping
the points to determine which of them belong to the same object is a major
drawback of these approaches.

4.2.3.2 Contours A contour provides a more accurate description of the
target shape [10, 11] (right side of Figure 4.1) than the other representations
described so far. Contour-based trackers generally represent the shape using
a set of control points positioned along the contour. The state is the concate-
nation of the coordinates of these points [10]. Given the high dimensionality
of this representation, additional constraints are used to facilitate the contour
optimisation procedure and to avoid degenerate solutions. In general, regular
and smooth curves are preferred to high-curvature contours [12]. Alternatively,
if prior knowledge of the target shape is available, one can learn a model of
valid contour variations. As the data is mapped onto a space that encodes the
major variation modes only, this solution reduces the dimensionality of the
shape parameterisation [13].

4.2.3.3 Point distribution models A number of applications require knowl-
edge of the deformations inside the object boundary. An example is face
tracking, where estimating the eyebrow and mouth positions can be useful to
infer human emotions (Figure 4.2). A 2D deformable model (Figure 4.2(a)) is



APPEARANCE REPRESENTATION 75

Figure 4.2 Deformable point-distribution models for face tracking: 2D (a) and
3D (b) deformable models. (a) Image courtesy of Tim Cootes (University of Manch-
ester); (b) IEEE © [14].

parameterised by a contour as well as internal control points [15]. The control
points are joined to form triangular mesh models. The mesh forms a tessella-
tion of the target shape into triangular patches that are used for appearance
representation. This representation is based on the assumption that the
variations of appearance of the target can be defined by a piece-wise affine
transformation. When sufficient information is available it is also possible to
use image information to track a piece-wise 3D shape [14], as shown in
Figure 4.2(b). In both cases a model of the plausible deformation is learned
from training data.

4.3 APPEARANCE REPRESENTATION

The appearance representation is a model of the expected projection of the
object appearance onto the image plane. Unlike the models used by object
detectors described in Section 3.5, the representation of the appearance of a
target may be specific to a single object and does not necessarily generalise
across objects of the same class. For example, a target representation can
encode the colour of a vehicle, which may be different from the colours of
other vehicles in the video. An appearance model is either extracted from one
or more images, or provided externally (Figure 4.3).

An appearance representation is usually paired with a function that, given
the image, estimates the likelihood (or score function) of an object being in
a particular state. A desirable property for this function is its smoothness
with respect to small variations in the target position and size. Smoothness
facilitates the localisation task of the tracker as it reduces the probability of
the estimator converging to sub-optimal solutions.

We discuss below different appearance representations and their associated
score functions.



76 TARGET REPRESENTATION

Target position

|

I Feature Appearance .
—_— . | ; > Learning
extraction representation |

T T |

k=== Colour '----Template L — — —
i--- Gradient ;--- Histogram v
:----. e 0o 0 :--- e o 0o 0

Target
model

Figure 4.3 Learning a target model based on one or multiple target samples, and
on a selected appearance representation.

4.3.1 Template

A common target representation is the template (Figure 4.4(b)), which en-
codes the positional information of colour or grey-level values for all the pixels
within the target area [5, 16].

Let A be a transformation that, given the state x, maps a pixel position w
in the coordinate system of the template It (.) onto the coordinate system
of the input image I(.). Common score functions for the template are
the L; norm:

dp, (x,Ip, ) = Y [I(A — Iy (w)], (4.1)

welr

the Ly norm:

dp, (2, Ir.1) = ) (I(A(w,x)) = Ir(w))* (4.2)

welr
or the normalised cross-correlation coefficient:

1 5 (L(AQw, 2)) = T) (Fr (w) — Ir)

d Ir,I)=1-
C(x7 e ) |I|—1 O10[;

(4.3)

welp

The bar sign and o indicate the mean and variances of the pixel values for
the template It (.) and the candidate image region defined by the state .

The transformation A depends on the meaning of the parameters included
in the state. Typically A can include translation, scaling or more complex
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Figure 4.4 Examples of target representations: (a) a sample face target (red
bounding box) and the corresponding (b) colour template and (¢) colour histogram
(encoded with 64 bins).

affine and perspective transformations. Note that the transformation A may
lead to non-integer pixel coordinates. In this case it is necessary to apply a
suitable image-interpolation technique, such as nearest-neighbour, bilinear or
bicubic [17].

Although template-score computations are simple and fast, the intensity
values stored in the template may become non-representative of the ob-
ject appearance in the presence of noise, partial occlusions and unmodelled
transformations. For example, unless a 3D model is available, it is difficult
to predict the template appearance when the object undergoes out-of-
(image)-plane rotations. In fact, because of the rigidity of this representation,
templates are sensitive to noise, the score functions might be not sufficiently
smooth and some values within the template might be invalid in the case
of occlusions.

Several methods are available to increase the robustness of template-based
representations. For example, one can average the values across neighbouring
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pixels or can substitute these values with image-filter responses that highlight
light invariant features like edges, corners and textures [18].

4.3.2 Histograms

Instead of describing the target with the complete pixel information (posi-
tion and intensity values), one can extract from the image a transformation-
invariant description. In this section we describe a series of histogram-based
representations that can characterise the target area and we will introduce
colour and orientation histograms encoding local and global information.

4.3.2.1 Colour histograms Colour histograms have been used as target
models for their invariance to scaling and rotation, robustness to partial oc-
clusions, data reduction and efficient computation [2, 3, 19, 10].

Colour histograms encode the statistical distribution of the pixel values
(Figure 4.4(c)). As each histogram bin contains global information, this
representation, although less descriptive, is more invariant in case of partial
occlusions and pose changes.

The normalised and weighted colour distribution

ri(x) = {re (@)},

of a target candidate z over the image I;, can be approximated as [2]

re (@) = Cy 2,@ (Hy—hw ) 5 oL w5) — 5], (4.4)

where

e £(.) is the kernel profile with bandwidth h that usually weights more the
pixels near the centre of the bounding ellipse approximating the target
area (Eq. 1.3)

* {w;};_; ., are the coordinates of the pixels inside the ellipse mapped
in a circle with radius h and normalised by e and 6

® b(w;, I;) associates the pixel in position w; with the histogram bin
e ()}, is a normalisation factor defined so that the bin values add up to one.

The model-candidate matching can be assessed by using the L; or Ly norm
or an error measure designed to compare two probability distributions [20].
For example, in [2] the distance between the model histogram r ¢ and the
candidate histogram ry () is defined as

d [Tk (iL’),?“M} =v1l-p [Tk (l’),?"M], (45)
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Figure 4.5 Example of lost track using colour histograms as target representa-
tion. The colour distribution of the box on the bottom-left of the image is similar
to the colour distribution of the face, thus misleading the tracker while the head is
turning. IEEE © [21].

where p is the Bhattacharyya coefficient [20]

plrrml =3 VTG (4.6)

It is important to observe that a target model defined by colour histograms
only can be misled:

® by changes in scene illumination
¢ by out-of-plane object rotations
® by background clutter.

This leads to poor performance when the object undergoes pose changes,
as the similarity measure in Eq. (4.5) produces unreliable candidate-
model matches.

Figure 4.5 shows an example of a lost track due to the use of colour his-
tograms only: the tracker is uncertain about the position of the target as the
box on the bottom-left area of the image is a good candidate target region
when the head is turning away from the camera.

To address this problem gradient information can be used to complement
colour information [19, 22], as described below.

4.3.2.2 Orientation histograms The same representation used to encode
the colour information in the target area can be applied to other low-level
features, such as the image gradient [23]. The image gradient, as discussed
in the previous chapter, highlights strong edges in the image that are usually
associated with the borders of a target.

To use the image gradient in the target representation, one can compute the
projection of the gradient perpendicular to the target border [19] or the edge
density near the border using a binary Laplacian map [22]. However, these
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forms of representation discard edge information inside a target [19, 22] that
may help recover the target position, especially when the target appearance is
highly characterised by a few texture patterns. More detailed edge information
can be obtained from the histogram of the gradient orientation [23], also
known as orientation histograms.

The computation of orientation histograms is conceptually similar to that
of colour histograms (Eq. 4.4). For each pixel w; in the region of interest, the
magnitude of the gradient

VI (w;)|
is accumulated on the bin corresponding to its orientation

P (w;i).

This type of representation has seen wide application in local-feature descrip-
tors (SIFT) [24].

The orientation histogram can be based on the structure tensor (Eq. 3.33)
and is obtained by quantising the range [—m/2,7/2] into N, ; bins. For each
position w, the value of G(w) is cumulated in the bin corresponding to the
orientation ¢(w) of the vector Kyax(w). In general, it is desirable to have a
representation that is invariant to target rotations and scale variations:

® [nvariance to rotation is achieved by shifting the coefficients of the his-
togram according to 0, the target rotation associated with a candidate
state x.

® Scale invariance is achieved by generating a derivative scale space. The
orientation histogram of an ellipse with major axis h is then computed
using the scale-space-related level o closest to h/R, where R is a constant
that determines the level of detail.

4.3.2.3 Structural histograms The descriptiveness of histograms is limited
by the lack of spatial information, which makes it difficult to discriminate
targets with similar colour or gradient distributions.

For example, Figure 4.6(b) visualises the values of the model-candidate
coefficients of Eq. (4.6) when the target is the pedestrian and colour his-
tograms are used. The area of the image where p is large (red area) is
not concentrated near the target centroid. The white car presents a simi-
lar colour distribution and returns high coefficient values as well. In this case,
the lack of discriminative power is likely to produce a tracking error, as shown
in Figure 4.7.

To reduce this problem, spatial information can be introduced by associat-
ing with each bin of the histogram the first two spatial moments of the pixel
coordinates of the corresponding colour (spatiograms) [26]. A spatiogram can
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(a) (b) ()

Figure 4.6 Comparison of model-candidate similarity (i.e. Bhattacharyya coeffi-
cient p) using a single colour histogram and the structural histogram: (a) sample
frame; (b) p for single histogram; (c¢) p for structural histogram. Red indicates higher
model-candidate similarity. The structural histogram is a more discriminative target
representation than the classic single colour histogram. Reproduced with permission
of Elsevier [25].

be interpreted as a GMM where each component is a 2D (spatial) Gaussian
associated to and weighted by a bin of the histogram.

Alternatively, one can split the target area into regions with a regular grid
and compute multiple histograms (one per region) [19, 24, 27, 28]. In this
case the target is represented by a vector concatenating the values of the
histograms of each region. For example, a multi-region orientation histogram
can be used, where the regions are the four sectors of the bounding ellipse
(Figure 4.8(b)) [28].

Another multi-region representation [27] divides a target into two non-
overlapping areas (top and bottom regions). This solution is effective for a
specific application (i.e. tracking ice-hockey players), as it generally corre-
sponds to the shirt and the trousers, but it is not necessarily effective on a
generic target.

Figure 4.7 Failure modality of the target representation based on a single colour
histogram. The colour distribution of the background is similar to the target colour
distribution. The ambiguity of the information produces a lost track. Reproduced
with permission of Elsevier [25].
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Figure 4.8 Target shape subdivisions used to generate spatially sensitive appear-
ance (e.g. histogram-based) representations.

For elliptic tracking, a semi-overlapping subdivision of the target that incor-
porates both global and local target information in a single model can be used
(Figure 4.8) [28]. We will refer to this representation as structural histogram.
To improve the sensitivity to rotations and anisotropic scale changes, while
maintaining the robustness and flexibility typical of single colour histograms
the following representation can be used:

e The first histogram is calculated over the whole target.

e To account for rotations, four regions are then obtained from the parti-
tion created by the two axes.

® To account for scale changes, the inner and outer regions of a concentric
ellipse with same eccentricity, but half axis size of the whole ellipse, are
considered.

Note that by encoding the local distribution of the colours, this subdivision
avoids representation ambiguities when the object is close to circular, and
the ambiguity is now restricted to the case of circular objects with circular
symmetry of the colours.

Equation (4.6) can be extended to the semi-overlapping target partition
[21] as

S | @) ]
Ny ’

plre(x),rm] =
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Figure 4.9 Sample results on pedestrian (PETS dataset) and face tracking using
different target representations. Left: single (colour) histogram. Right: structural
(colour) histogram. Reproduced with permission of Elsevier [25].

where N is the number of regions, r,(f ) and 7p") are the model and candidate
histograms with NV, bins calculated on the jth target region. The model-
candidate distance is now computed as in Eq. (4.5) using Eq. (4.7).

Figure 4.6 visualises the values of the model-candidate coefficients of
Eq. (4.6) and Eq. (4.7) for the problem described in Figure 4.7 using colour
histograms. It can be seen that the area of the image where p is large (red
area) is narrower for the structural representation (Figure 4.6(c)), thus reduc-
ing the probability of attraction to a false target (clutter). Figure 4.9 shows
a visual comparison between using a single histogram and the structural his-
togram. Numerical comparisons and further visual examples are available in
Section A.1 in the Appendix.

4.3.3 Coping with appearance changes

As discussed in Section 1.2.1, the dynamic behaviour of objects as well as
changing scene conditions generate variations in the appearance of the target.
To cope with this challenge, model update strategies can be used (Figure 4.10).



84 TARGET REPRESENTATION

V4 X
k Tracker k

Target
model

Model
update

Figure 4.10 Updating the appearance representation. Image measurements and
the output of the tracker can be used to adapt the appearance representation of the
target to the current scene conditions.

A generic solution is to model each parameter in the target representation
as a mixture of Gaussians that is updated over time [29]. Alternatively, the
representation can evolve based on a modified Kalman filter [30] (see Sec-
tion 5.2.2.1). It is important to note that a risk associated to updating the
target model online by using the output of the tracker is model drifting. Model
drifting, the gradual impoverishment of information in the model, is due to
the amplification of the tracking error caused by the update feedback loop.
To reduce this problem, the update strategy can include a contribution from
the initial model [31].

When training data is available, one can learn a model of typical appearance
changes [32, 15], for example for targets such as faces. Given the model, it is
possible to predict appearance changes due to different views and expressions.
In this case, a high-dimensional appearance space is mapped via
Principal Components Analysis (PCA) onto a lower-dimensional space where
the dominant appearance variations are well represented. Also, to further
reduce the dimensionality, one can merge the appearance with the shape
parameters using PCA and then simultaneously track appearance and
shape [15].

4.4 SUMMARY

This chapter presented an overview of techniques for representing a target
for video tracking. We discussed the advantages and disadvantages of
various object representations, such as the template, which simply stores
luminance (or colour) values, and several histogram representations that store
information on the feature distribution in the target area. Finally we discussed
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approaches to approximate the shape of a target using rigid, articulated and
deformable models.

Based on the information encoded in target representations, in the next

chapter we address the target localisation problem.
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LOCALISATION

5.1 INTRODUCTION

In this chapter we will discuss how to localise a target over time, given its
initial position. After initialisation, the localisation step of a video tracker
recursively estimates the state xj, given the features extracted from the video
frames and the previous state estimates xy.;_1.

We can classify localisation methods into two major classes:

e Single-hypothesis localisation (SHL) methods, where only one track can-
didate estimate is evaluated at any time

o Multiple-hypothesis localisation (MHL) methods, where multiple track
candidates are evaluated simultaneously. The ability to propagate mul-
tiple hypotheses can improve the performance of a tracker.

The state estimate is based on the assumption that the position, shape
and (optionally) the appearance of a target change smoothly over time. In
other words, the tracker enforces consistency in the trajectory. The degree of
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enforcement varies from tracker to tracker. The various localisation strategies
for video tracking will be discussed in detail in the following sections.

5.2 SINGLE-HYPOTHESIS METHODS

The optimal target state estimates (in a least square sense) can be obtained
algebraically under very stringent assumptions for the relationship between
the feature space FE, and the state space E;. Often when the localisation
algorithm follows a target detection step (i.e. the feature space is the detection
space), the optimal estimate in the least-squares sense can be computed using
the Kalman filter [1]. However, as in most cases the relationship between
features and state does not fulfill the optimality conditions, an approximated
solution is necessary. An example are the gradient-based methods that will
be discussed next.

5.2.1 Gradient-based trackers

Gradient-based trackers use image features to steer the state candidate (track-
ing hypothesis) towards a solution of the video-tracking problem. Given the
features extracted in the current frame and a score function that defines the
quality of a candidate state, gradient-based methods iteratively refine the state
estimate and converge to a local maximum of the score (Figure 5.1).

Common algorithms to solve this iterative optimisation problem are based
on gradient descent [2,3] or on expectation maximisation [4]. A convenient
starting point (initialisation) in each frame is the previous state estimate.
This naturally enforces a temporal constraint on the target motion.

5.2.1.1 Kanade—Lucas—Tomasi (KLT) tracker As discussed in Section
4.3.1, a simple target appearance model is the template [3]. The Kanade-
Lucas-Tomasi (KLT) tracker can be used to estimate the state using a tem-
plate.

Figure 5.1 A gradient-based localisation strategy uses image information to im-
prove the predicted state estimate.
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Without loss of generality, let the target area be a square window of
fixed size N = (2W — 1) x (2W — 1). The tracking problem can be reduced
to the estimation of pure translational motion, where the state can be
defined as

Tk = (uk,vk).

Let the coordinate system of the template, IT(.), be aligned with the
coordinate system of the image I;,Vk. Given the initial candidate sE,(CO) at
time k as the estimated displacement x;_; at time k — 1, the state x; at time

index k can be decomposed as [3]
.0> + AZCk-, (51)

where Az, is a small displacement added to the previous displacement. Also,
by imposing the constant-illumination constraint [3], one can consider the
discrepancy in appearance between the template and the window centred
around the state x; as noise, that is

I (w) = It (w — zx) + ng (w) = It (w — i;co) — Azy) + ng (w), (5.2)

with |w — x|, <W and |.|; denoting the L' norm; w is a pixel location in
the image and ny (w) models additive noise over the pixel values.

Consequently, the tracking problem reduces to a search for the small dis-
placement Axj; that minimises the error between the image area implied by
the current best estimate for x; and the template, that is

e(Axp) = > [IT (w— 2" — Azy) — I (w) : (5.3)

|lw—zp |, <W

For small values of Az we can approximate the template function It (.)
with its Taylor series centred around xj_1, truncated to the linear term

In(w— & — Azy) =~ In(w — ") + b/ Az, (5.4)
where V' is the transpose of the template gradient

 Olp(w—7)

b ow
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and the template matrix is reorganised as a column vector. Then, by substi-

tuting the latter in Eq. (5.3), one can obtain

Az = Y [IT(w—:zg”)—Ik(w)—b(w)’mkr. (5.5)

|w—zp [, <W

Now € is a quadratic function of Az, and therefore Eq. (5.5) can be minimised

in closed form by solving for

Oe(Axy)

8Amk =0

This results in

Axk =

iy [Frw = E) = Le(w)] b(w)

Z\w—azk [, <W b(w)/b(w)

(5.6)

Due to the Taylor approximation, the estimate Azj might not correspond to

a local minima of the error. It is therefore necessary to substitute igo) with

:ig)) + Az, and to iterate Eq. (5.6) till convergence [3].

Note that the formulation above can be extended to more complex trans-
formations than pure translations. When the state x represents an arbitrary
linear transformation of the template region, one can compute a linear ap-
proximation like Eq. (5.4) and derive a similar iterative procedure.

To summarise, Figure 5.2 illustrates a sample tracking procedure based
on KLT. Given the initial target state xy and the template model, for each
incoming frame the KLT tracker compares the template with the image and

: Inputs I
1 Initial state :
I N I |
1 X0 : | Yes
1
| Sequence : y L
1 a——
: - Grab frame > KLT
! . I step
1 . I
I : LI
1 | |
I | Template ] !
I Imodel |
! |
1

Converged?

1 X !

Figure 5.2 Kanade-Lucas-Tomasi (KLT) localisation procedure. The initial state
estimate is refined using information from the template model and the current frame.
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performs the optimisation step of Eq. (5.6). If the convergence conditions
(usually based on error and step size) are not met, KLT updates the state
estimate and performs another optimisation step; otherwise KLT outputs the
state estimate x; and proceeds to processing the next frame.

It is important to note that the local convergence properties of the method
impose a constraint on the target motion that can be catered for. In fact, for
translations that are larger than the template size, the difference between the
template and the image on the denominator of Eq. (5.6) is computed over a
region that does not contain the target. Thus the step estimate is uncorrelated
with the real target motion. In practice the estimate tends to degrade much
earlier. This depends on the method used to compute the image gradient (e.g.
on the kernel size, see Section 3.3), and on the linear approximation of Eq. (5.4)
becoming less and less accurate when the motion magnitude increases.

5.2.1.2 Mean shift (MS) tracker When the target representation is based
on colour histograms, a mean shift (MS) algorithm [2] can be used to
iteratively minimise the distance in Eq. (4.5) using gradient information.
Minimising Eq. (4.5) corresponds to maximising Eq. (4.6) [2]. Similarly to
KLT, the MS procedure uses the previous estimate as initial state candidate
a:,(fo), that is

Using Eq. (4.4) and computing the Taylor expansion of the Bhattacharyya

coeflicient about 7, (xg])) with respect to the centroid y; only, one obtains

1\7[, np 2
L (0) Ch i — wi
p[rk(xk)vr./\/d Ni; Tk,j (:Ek )TMj+2;U,iI€ T ,
(5.7)
where
Ny
v = 8 [b(I), wi) — j] (5.8)

As the first term of the right-hand side in Eq. (5.7) does not depend on y,
only the second term needs to be minimised [2]. This can be done by solving
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for the gradient with respect to y; to be zero. At each iteration, the estimated

target centroid shifts from y,i()) to y,g), the new location, defined as

(0)_

np oy, Y
>ity wivig (‘ g
k

1
u' = — (5.9)
27711 vig (H ykh(ui)w[ )
k

9(a) = ()

w;

If

then y,il) — y,(co) is in the direction of the gradient.

The iterative process continues by substituting y,(co) with ylg) and stops

when
- <

Usually € =1 pixel. Note that the maximum area where the target can be
searched for is defined by the size of the kernel x (see Eq. 5.9). For this
reason, if the shift of the target centre is larger than the kernel size, the track
is likely to be lost (Figure 5.12). Note that this observation is the same we
did for template-based tracking. The block diagram in Figure 5.3 summarises
the localisation procedure based on MS.

5.2.1.3 Discussion 1t can be seen that the difference between the MS pro-
cedure (Figure 5.3) and the KLT procedure (Figure 5.2) is the extra block
that computes the colour histogram. The procedure of most trackers that are
based on recursive optimisation is similar to that of MS, with the appropriate
feature extraction and optimisation steps.

1
Inputs 1
1 — | ialiniulietel I
: Initial state |, _( , Output state
1
| Xo ! | Yes LX)
P L S (U Ry pat. g
| Sequence : Li
[ Compute
: L5 | | Grab frame [ candidate I i 1 MS Converged?
| 1 histogram: step
| |
1 | 4
1 | ! No
I [Model IR (N
I [histogram |
1
1

Figure 5.3 Mean Shift (MS) localisation procedure, the initial state estimate is
refined using information from the histogram model and the histogram of the can-
didate region computed over the current frame.
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In general, as well-designed optimisation algorithms converge in a small
number of iterations, single-hypothesis methods are computationally inex-
pensive. However, as the state estimate heavily depends on the initialisation,
single hypothesis localisation behaves poorly in the case of occlusions. Fur-
thermore, when the model-candidate distance function is multi-modal over
the area spanned by the kernel (Figure 4.6), a single-hypothesis algorithm
may converge to a wrong image location. Finally, in case of convergence to an
incorrect estimate, a recovery is usually unlikely, as shown in Figure 5.12(a).

5.2.2 Bayes tracking and the Kalman filter

Bayes trackers address the uncertainty problem by modelling the state z; and
the observation zj, as two stochastic processes [5].

Under the Markovian assumptions (i.e. given the observations z1.;_1, the
current state x; depends only on its predecessor xj_; and z; depends only
on the current state xj (Figure 5.4)), the recursion is fully determined by the
observation equation gy

2 = 8 (Th, 7)), (5.10)
and by the dynamics of xj, defined in the state equation f;, as
xy = fi (v —1,mp 1), (5.11)

where {my, }r=1, . and {ng}r=1 . are independent and identically distributed
process noise sequences.

The goal of a Bayes tracker is to estimate py 1. (zx [21.1 ), the pdf of the object
being in state xj, given all the observations zj up to time k [5]. The estimation
is performed recursively in two steps, namely prediction and update:

Z( 1 o Tk

Z1 ) Zk

Figure 5.4 Graphical model of the tracking dependencies under the Markovian
assumption. Each circle represents a random vector; the arrows show the dependen-
cies between random vectors; filled circles represent the observables of the tracking
inference [6]. The current observation z; depends on the current state x; only. The
current state x; depends on the previous state z,_; only.
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e The prediction step uses the dynamic model defined in Eq. (5.11) to
obtain the prior pdf via the Chapman—Kolmogorov equation:

pk\k71($k|21:k—1) :/fk|k71(xk|xk—1)pk71|k71(xk—1|21:k—1)d1’k—1a

(5.12)

with p_1jx—1(2x—1|21:x—1) known from the previous iteration and the
transition density fix—1(2r|zr—1) determined by Eq. (5.11) and by
knowing the statistics of ny.

e The update step uses Bayes’ rule once the observation z; is available,
so that

gk (2|78 )P —1 (Tr[21:6-1)
(Tk|21:k) = , 5.13
el (i 21:4) J g1 Gl )prjp—1 (@ | 210 -1 ) day, (5.13)

where gi (2x |71, is determined by Eq. (5.10) and by knowing the statistics
of mp_q.

5.2.2.1 The Kalman filter In general, Eq. (5.12) and Eq. (5.13) cannot be
determined analytically. A well-known solution, the Kalman Filter, is available
under an assumption of linearity for Eq. (5.11) and Eq. (5.10) and Gaussianity
of the prior pj_jjx—1(2x—1|21:x—1) and of the two noise processes, n, and
my —1 [1]

In this case, Eq. (5.10) and Eq. (5.11) rewrite as

zr = Grxp + ny (5.14)
and
zp = Frrp_1 +myg_1, (5.15)

where G, and Fj are user-supplied matrices defining the linear relationship
between consecutive states and between states and observations and the two
noise processes n, and my_; have zero mean and covariances R, and Qp
respectively.

Given the first- and second-order statistics, and given the mean Z;_; and
the covariance Py of the prior py_yj;—1(2r—1]21:6—1), from the linear rela-
tionship of Eq. (5.15) and the prediction step of Eq. (5.12), we obtain the
statistics of the prediction density in the form of the mean prediction

Tgpk—1 = Fp@p—1, (5.16)
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and the prediction covariance
Pyjr—1 = Fr. P 1 Fy, + Q. (5.17)
where the latter propagates the prior uncertainty through the state transition
(Eq. 5.14) and adds to it the uncertainty given by this step (i.e. Q). Also,
from Eq. (5.14) one can compute the predicted measurement %, as

2k = GpZp p—1-

When the new measurement zj, becomes available, from Eq. (5.13) one can
derive the mean residual

TR = 21 — Z,
the residual covariance
Sy = Gp Pei—1G), + Ry,
and Ky, the Kalman gain, as
Ky, = PGSy

Finally, to complete the recursion, the first- and second-order statistics of
the posterior are the mean estimate

Ty = Ty 1 KiTk, (5.18)
and the posterior covariance
Py = (I — K Gy) Pyjj—1- (5.19)

In summary:

e When the assumptions hold (linearity for Eq. (5.11) and Eq. (5.10) and
Gaussianity of the prior and of the two noise processes), the Kalman
filter is optimal in terms of minimum mean square error on the state
estimate [5].

¢ When the Gaussianity assumption does not hold, the Kalman filter pro-
duces a reasonable solution if the underlying distribution is well described
by its first two order moments (i.e. mean and covariance).”

"This is usually the case when the distribution is unimodal.
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¢ When the linearity assumptions do not hold, sub-optimal solutions are
possible [5]. If g;, and f}, are differentiable, a first-order Taylor expansion
can linearise the state and observation functions (i.e. gr and f;); the
result is a suboptimal filter known as the FEztended Kalman Filter
(EKF) [7].

However, the observation and state functions g; and f; may not be differen-
tiable. Also, due to the Taylor approximation, the filter may quickly diverge
from the optimum. Finally, as it is often the case in tracking scenarios, the pos-
terior is not uni-modal, therefore the Kalman assumption oversimplifies the
tracking problem and underestimates the amount of ambiguity in the data.
To cope with these problems, multi-hypothesis localisation methods can be
used, as described in the next section.

5.3 MULTIPLE-HYPOTHESIS METHODS

Multiple hypothesis localisation (MHL) methods generate multiple tracking
hypotheses for each frame (Figure 5.5). These hypotheses are then validated
against the image measurements and against a motion model of the object.
Unlikely hypotheses are pruned from frame to frame, while the most likely
state hypotheses are propagated.

Multi-hypothesis methods range from approaches that select the hypothe-
ses based on simple heuristics to more complex solutions that propagate the
hypotheses based on a probabilistic framework.

The most popular probabilistic multi-hypothesis localisation algorithm is
particle filter [5], a Monte Carlo approximation of the Bayes tracking recur-
sion. The use of multiple hypotheses allows algorithms like the particle filter to
better cope with multi-modal score functions, as those generated by occlusions
or by the presence of clutter (see Figure 4.6).

Figure 5.5 Multiple-hypothesis localisation (MHL) methods draw multiple hy-
potheses and then image information is used to assess the quality of each sample.
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Figure 5.6 Sampling multi-dimensional state spaces. The number of hypotheses
required to explore the state space grows exponentially with the number of dimen-
sions. Left: 1D space (4 samples); centre: 2D space (16 samples); right: 3D space (64
samples).

Compared to single-hypothesis localisation methods, multiple-hypothesis
localisation (MHL) methods are computationally more expensive and impose
stronger limitations on the dimensionality of the state space. In fact, the
number of hypotheses that are necessary to explore multi-dimensional state
spaces grows exponentially with the number of dimensions in the state space.
In the pictorial example of Figure 5.6, if we assume that all the parameters in
the state space are equally important, the 4! = 4 hypotheses used to sample
a 1D state space become 4% = 16 hypotheses for two dimensions and 4% = 64
hypotheses in a 3D state space.

The major difference among the various multi-hypothesis localisation meth-
ods is the strategy used to select the tracking hypotheses, as described in the
next sections.

5.3.1 Grid sampling

When the tracking task is simple and computational resources are available,
a simple brute-force approach may be sufficient to solve the video-tracking
problem. Grid-based localisation methods select the hypotheses in a deter-
ministic fashion with the hypotheses positioned on a regular grid over the
state space, as shown in Figure 5.7 for a 2D space.

A procedure to construct a simple recursive tracker based on grid sampling
is summarised by the following steps:

1. Define a search window W centred on the previous best estimate xj_1.
2. Divide the search window using a regular grid.

3. Evaluate the hypotheses of the target being present in each state defined
by the grid using, for example, one of the matching scores defined in
Section 4.3.

4. Select the best hypothesis as the current state xy.
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Figure 5.7 Example of multiple tracking hypotheses that are drawn using a reg-
ular sampling grid.

Note that similar procedures are common in video compression [8] when
using block matching for motion estimation. To exploit the temporal redun-
dancy between subsequent frames, first the image is split in rectangular blocks
(e.g. composed of 16 x 16 pixels). Then the position of each block (i.e. its ver-
tical and horizontal coordinates) is tracked in the previous or in the next
frame. Exhaustive full-search block-matching algorithms use a sampling grid
with one-pixel spacing. Next, as both the candidate regions and the template
block have the same number of pixels, the evaluation of a tracking hypothesis
can be done by calculating the L; norm between the vectors concatenating
the pixel values.® L is usually chosen as it is less computationally expensive
than higher-order norms (e.g. Ls).

The precision of algorithms based on grid sampling and the selection of
the fittest depends on the spacing of the grid. More accurate tracking can
be achieved with a denser grid obtained by up-sampling each image frame
using interpolation [9] and then applying a pixel-wide grid sampling on the
larger image.

Although a full search throughout the grid is guaranteed to return the op-
timal result, it is practical only when the evaluation of a single candidate is
inexpensive. In fact, evaluating all the hypotheses defined by the grid to find
the best solution can be computationally too expensive. When computational
resources are not sufficient, suboptimal solutions exist. For example, a popu-
lar approach is hierarchical sampling, where first a coarser grid of samples is
evaluated and then recursively finer grids of hypotheses centred on the cur-
rent best hypothesis are evaluated. An example of a three-stage hierarchical
sampling is given in Figure 5.8. In this figure, the red dot indicates the best
hypothesis at each step.

8Note that this is equivalent to taking the pixel information in the block as a template
model (see Section 4.3.1).
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Figure 5.8 Hierarchical grid sampling procedure. From left to right: a finer and
finer grid is used to refine the position of the current best hypothesis (i.e. the red
dot).

5.3.2 Particle filter

When f;, and g; (Eq. 5.11 and Eq. 5.10) are non-linear, time-varying func-
tions, we can consider a solution based on a Monte Carlo integration [5]. An
application of this framework to visual target tracking first appeared in [10].

The densities py | (wx[21:1) are approximated with a sum of L; Dirac 0
functions (the particles) centred in

Y L
S

as

Pk (Txl218) Zw ( - x,g”) , (5.20)

where

N
(Z)} !
W,
{ Lz
are the weights associated with the particles and are defined as

(i) Pk|k(3?;(f) |21:%)

- =1,..., L. (5.21)
ai (@} |21.4)
qx (.) is the importance density function defined as the density that generated
the current set of particles.

Let us assume that pj_jjr—1(2x—1|21.x—1) is approximated by the set of
particles and associated weights

i Ly
{wl(c)l’xl(c)l} 1
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as in Eq. (5.20). By substituting this approximation in Eq. (5.12) we obtain

L
Prji—t1(zklzrn1) & W o (ilzg ). (5.22)
j=1

Then from Eq. (5.13) and Eq. (5.21) follows the recursive formulation to
propagate the particles and their weights [10] as

N N
() o gk(zk|m§gl)) POty w;(f_)lfk:|k—1(x£f)\ng_)l)

wy, - (5.23)
a (@ 214)

In the CONDENSATION algorithm from Isard and Blake [10] the particles
are drawn from the predicted prior, i.e.

ar (zr|21:2) :pk\k—l(fﬂk|21:k—1)- (5.24)
This reduces the weighting equation (Eq. 5.23) to
o o g (zlal), (5.25)
where the weights are now proportional to the likelihood.

An alternative formulation [5] of the weight update is possible by applying
a Monte Carlo approximation to the joint posterior

prjk (@1 200) Zwk (Il;k - x%’%) , (5.26)
where the weights are defined as

, (i),
D) o PrI(T1k]21)

] i=1,...,Ly. (5.27)
g (@) 1.0

Then, under Markovian assumptions, by decomposing the importance sam-
pling function gy, (2.5 |21.1) as

Gk (z1k)208) = @ (@ |210—1, 200) @ (T1p—1 ] 2100 —1) (5.28)
and assuming

qk (xk|$1:k:71721:k) =gk ($k|$k:7172k)a
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it follows that

o wily ge(ala) frgpo (2 2 )

(4)

il (5.29)
a, e %)

To discard particles with lower weights, a resampling step can be applied
before propagation. The resampling step draws the

S

from the set

)

according to the resampling function [11]

i L1
{aézl }71:1 '
(i)

The resampling function defines the probability of each particle x;”; to
generate a new sample at time k. The weighted estimate of the filtering pos-
terior py i (x]21.) is obtained by marginalising ;.. out of Eq. (5.26).

The weights u),(cZ> are constant in the marginalisation as they do not depend
on ri.;_1, but on the particle positions x,s,l) and a:,(le only. Consequently the
approximated filtered posterior of Eq. (5.20) inherits the same weights as the
joint posterior of Eq. (5.26).

The two recursive update equations (Eq. 5.23 and Eq. 5.29) differ mainly
in the importance sampling function. By accounting for the dependency of g
with the previous state z;_; the update of the weight w,i” becomes dependent
only on ngll and not on the global sample set, as in Eq. (5.23). Although
the computation of Eq. (5.29) requires less multiplications than Eq. (5.23),
computing gy requires extra care to account for dependencies between the
factorised importance sampling function and the previous time steps.

The filters, based on Monte Carlo sampling and recursive Bayes equations,
are known as particle filters (PFs). The estimate of the state is usually com-
puted either by taking the maximum a posteriori estimate, i.e. the particle
with largest weight, or by computing the expectation over the weighted par-
ticles as

Ly,
1 BIG
Elzy|21.4] ~ I Zw,(c )x,i). (5.30)

i=1

Figure 5.9 shows an example of a particle filter with resampling. Re-
sampling is an optional step that is applied to prune unlikely hypotheses
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Figure 5.9 Schematic representation of a particle filter with systematic resam-
pling. From bottom to top: the filter resamples the particles and shifts them in
the state space according to the importance sampling function (gi(x|z1:1) or
qr (zk|Tr—1, 21 )); then, using the new observation, the filter updates the weights
according to Eq. (5.23) or Eq. (5.29). IEEE © [12].

from the particle set and to avoid that after a few iterations all but one
particle have negligible weights. This phenomenon is usually known as
particle impoverishment [5].

Unlike the Kalman filter, PF [5,13,14] can deal with multi-modal pdfs
and thus can recover from short-term occlusions. However, the tracking result
depends heavily on the chosen parameter setting, which in turns depends on
the scene content. Moreover, the number of particles required to model the
underlying pdf increases exponentially with the dimensionality of the state
space, thus dramatically increasing the computational loads. The efficiency of
PF depends in fact on the distribution of the samples in the state space (i.e.
on gg).
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Figure 5.10 Hybrid localisation algorithms use image information and gradient-
like optimisation to improve the initial set of hypotheses.

5.3.3 Hybrid methods

To reduce the computational complexity while improving the sampling
of multiple-hypothesis methods, hybrid localisation (HL) algorithms ex-
ist that combine MHL with single-hypothesis localisation (SHL) strate-
gies [12,15-17]. The hypotheses generated by MHL are refined by a local
optimisation step that uses information from the current frame (Figure
5.10). The multiplicity of the first set of hypotheses helps in coping
with occlusions and clutter, while the refining optimisation step improves
the quality of each hypothesis and consequently the computational efficiency
of the localisation step.

When using a multiple-hypothesis tracker like PF, particles positioned
far from the target area might bias the state estimator. As anticipated in
Section 5.3.2, a common solution adopted by the CONDENSATION [5,10] al-
gorithm (here referred to as particle filter, CONDENSATION implementation
(PF-C)) is to redraw the particles from the prior (see Eq. 5.24). However,
sampling in PF-C does not account for information from the most recent
measurement. As a consequence, when the dynamic model is not accurate,
the area of the state space around the target is not densely sampled.

5.3.3.1 Sampling strategies To account for the latest measurement, sev-
eral sampling strategies have been proposed [17-20], based, for example, on
Markov Chain Monte Carlo (MCMC), simulated annealing and the EKF:

o MCMC samplers can improve sampling efficiency with high-dimensional
state spaces [17,21,22]. Choo and Fleet [17] showed that with 10 or more
degrees of freedom, MCMC is more efficient than PF. However, due to
the relatively large number of steps necessary for MCMC to converge,
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no improvements in terms of efficiency are reported on low-dimensional
state spaces [17].

e In simulated annealing [15], first the particles are randomly spread over
the state space, then a layered procedure redraws the samples whose
number is proportional to their likelihood.

® When the relationship between state and measurement can be linearised,
an alternative is to sample from the Gaussian estimate computed by an
EKF associated with each particle [18]. EKF can be substituted with
an unscented transform that does not require linearisation [18,23]. Both
methods assume that the modes of the pdf are well represented by their
first- and second-order moments.

A different approach to particle sampling is to derive the particles according
to point estimates of the gradient of either the posterior or the likelihood [17,
19,21,22,24,25]. When the appearance model is a template, optical flow can
be used to drive the particles towards peaks of likelihood. However, as motion
blur can affect the accuracy of optical flow, the particle-shifting procedure is
enabled only when the momentum of the object is small [19].

A more principled solution, known as the kernel particle filter, uses
kernel density estimation to produce from the particle set a continuous
approximation of the posterior pdf. Then, the sample-based mean shift (MS),
a kernel-based iterative procedure, is used to approximate the gradient of
the pdf and to climb its modes [20]. However, as the accuracy of the density
estimate and of its gradient depends on the sampling rate, a reduction in
the number of samples may affect the quality of the final approximation.
Another solution is to use colour MS to drive the particles to improve
sampling efficiency with low-dimensional state spaces and highly manoeu-
vrable targets [25]. This is the solution detailed below.

5.3.3.2 Hybrid-particle-filter-mean-shift (HY) tracker Let the appear-
ance model be the normalised colour histogram,

ra = ro(zo)

defined in Eq. (4.4) and let the weight update procedure of PF be the one
defined in Eq. (5.23).

To select the particle states, the hybrid-particle-filter-mean-shift (HY)
tracker (Figure 5.11) first draws a set of samples

~(i)\ L#
{@) }z‘:l
from the approximated predicted pdf pjjp—1(2k|21:6—1) (see Eq. 5.22), using
for example a zero-order Gaussian state transition model

Tp = Tp—1 + Mp—1, (5.31)
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Figure 5.11 Schematic representation of the hybrid-particle-filter-mean-shift
(HY) tracker. The particles are first drawn from the prior, then their position is
refined by the MS optimisation procedure. IEEE © [12].

where mj,_; is a multi-variate Gaussian random variable with 0 mean vector
and diagonal covariance 3.
We can also express this by saying that the state transition probability

Jepp—1(xrlzr—1) = N(zp; 2p-1,%)

is Gaussian distributed and A denotes a Gaussian evaluated in z; with mean
x)_1 and covariance .

The choice of a relatively uninformative motion model is usually moti-
vated by the necessity to track highly manoeuvring targets. On the one hand,
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higher-order models are desirable when the motion can be predicted with
good accuracy; however, if a wrong prediction is made, most particles will be
distributed in regions of low interest, thus compromising the robustness of the
algorithm. On the other hand, a zero-order model needs a larger number of
particles as the search area is not constrained by a strong prediction.

In both cases, the sampling based on the predicted pdf pjp—1(zx|21:6-1)
only (CONDENSATION) is blind to the current observation z;. A sampling
criterion that concentrates the particles in regions with high likelihood is
expected to increase their efficiency. To this end, a method based on the MS
iterative search can be used [25].

After propagation, each particle in

L
5

is independently re-located in the position state subspace using MS. The tra-
ditional MS [2] iteratively minimises the distance in Eq. (4.5) using gradient
information. The algorithm is initialised at
)

3

20

=z
the particle position, and converges to the nearest local minimum.

The maximum area where the target can be searched is the kernel size
(Eq. 5.9). For this reason, if the shift of the target centre is larger than the
kernel size, the track is likely to be lost. The multiple MS initialisation pro-
duced by PF sampling overcomes this problem. Therefore the hyper-volume
of the state space under analysis is defined by the state equation (Eq. 5.31)
and enhanced by MS iterations.

To summarise, let MS be defined as the operator

M: R — R’

where d is the state space dimensionality. The final set of particles

A
{x’(" ) }izl
is obtained by applying
2 = M), (5.32)

M takes as input each particle :%2") and modifies the state position y by guiding
each particle over the position subspace independently from all others.

To weight the particles, the likelihood is computed using the colour his-
tograms model, and the distances from the model defined in Eq. (4.5) and
already computed in the MS iterations as

B d[rk.(r).rM])Q

gk (2k]7) =€ ( ! (5.33)



MULTIPLE-HYPOTHESIS METHODS 109

The value of ¢ depends on the histogram dimensionality. The higher the di-
mensionality, the larger the average distance of Eq. (4.5), hence the higher
the value for o used to obtain a smoother likelihood.

In CONDENSATION [5], here referred to as PF-C,

@ (Trl21:8) = Prjp—1(Tk[21:8-1)

is the predicted prior and the weighting reduces to Eq. (5.25) where the
weights are proportional to the likelihood.

Note that in the hybrid approach, as the particles are shifted by the MS
procedure, the importance sampling function g (.) is no longer the predicted
prior. In fact, the hybrid tracker can be interpreted as a particle filter with a
semi-deterministic importance density g (Jc,(;)|z1:k) (see Eq. 5.21).

Weighting according to Eq. (5.25) would introduce a bias in the poste-
rior approximation. To prevent this, we approximate, as in kernel particle
filter [20],

Qk(xk\zm) ~ q (xk)a

using a Gaussian kernel density estimation as

=

1 X

Ei (]Ak:NS.,i(mk)v (5-34)

1

G (1) =

where

i, (k) = <(hN \/%)d det(

™M
S~—"
N~
L
X

X exp [2;% (xk — acgf))l 5! (;vk — xil))} . (5.35)

Y is the covariance matrix calculated over

YN
{x(%)} )
i=1

The kernel bandwidth &, is the one giving the optimal rate of convergence
in probability to zero of the integrated squared error [26]

/(lfk (zr) — qr () dxy,.

Hence

hy, =c- NS, (5.36)
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Figure 5.12 Visual comparison of tracking performance; (a) mean shift (MS); (b)
particle filter-CONDENSATION (PF-C); (¢) hybrid tracker (HY). Unlike MS and
PF-C, HY successfully tracks the target under abrupt accelerations. Reproduced
with permission of Elsevier [25].

where the constant ¢ is

B 4 1/(d+4)
““\adr2 ‘

Finally, the best state at time k is estimated using the discrete
approximation of Eq. (5.20). The most common solution is the Monte Carlo
approximation of the expectation, as in Eq. (5.30), which, as opposed to PF-C,
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operates on particles that are concentrated near local maxima of the
likelihood. This makes the particles drawn by the HY tracker more efficient
than those in PF-C. The particles are filtered and selected depending on their
likelihood. This makes HY more than a simple multiple initialisation of MS.
In fact, HY inherits from PF the possibility to treat multi-modal pdfs and to
recover from occlusions.

Unlike the estimation of the kernel particle filter [20], which can be critical
when the number of particles is small, this estimation of the gradient is not
based on the relative position of the particles, but on the colour histogram
itself. Although more specific to the appearance-based tracking problem, this
solution is less dependent on the density of the sampling.

To conclude, sample comparative results between MS, PF-C and HY are
shown in Figure 5.12 on a target with fast accelerations. Due to these accel-
erations, only HY follows the target, due to the single-hypothesis refinement
of the particles that allows the algorithm to adapt to varying target motion
conditions. MS cannot track fast-moving targets with motion larger than the
basin of attraction of the gradient. PF-C would need to update the state tran-
sition model to follow the varying motion of the target. For further results and
discussion see Section A.2 in the Appendix.

5.4 SUMMARY

In this chapter we discussed localisation strategies and we classified them
into single- and multiple-hypothesis approaches. In particular, we focused on
grid-based, gradient-based and Bayesian localisation strategies. As example
of Bayesian strategies, we covered the Kalman filter and the particle filter.
Finally, we presented hybrid localisation strategies that use information from
the current observation to improve sampling efficiency.

In the next chapter, we review approaches that fuse the contributions of
multiple features to improve video-tracking results.
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FUSION

6.1 INTRODUCTION

Multiple and possibly independent sources of information are commonly used
in signal processing to improve the results of an algorithm. In particular, the
exploitation of multiple visual features can help improve the accuracy and the
robustness of a video tracker.

When using multiple features, an important challenge is to determine:

e their type and number

e their relative importance

¢ the information fusion mechanism.
Ideally, the importance of each feature should be adapted to the changes in
target pose and the surrounding background. This adaptation could improve
the performance under changes that are not modelled by the tracker itself

and hence it would remove the need for retuning the algorithm through
human interaction.

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 115
© 2011 John Wiley & Sons, Ltd
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In the first part of this chapter we present different strategies for fusion
in video tracking. In the second part we present a general procedure for the
adaptive combination of multiple representations in a particle filter frame-
work. In this context, we describe a strategy for estimating the importance of
each feature.

6.2 FUSION STRATEGIES

Multi-feature fusion in video tracking can be performed either at the tracker
level or at the measurement level. While tracker-level fusion enables the use of
a range of different trackers, fusion at the measurement-level avoids running
multiple single-feature trackers, thus reducing the problem of having to merge
possibly inconsistent or redundant tracking hypotheses.

6.2.1 Tracker-level fusion

Fusion at tracker level models single-feature tracking algorithms as black
boxes. The video-tracking problem is redefined by modelling the interaction
between outputs of black boxes, which can run in parallel or in cascade (se-
quentially) (Figure 6.1).

For example, multiple independent CONDENSATION algorithms can be
used on each feature of the target representation, followed by the integration
of the target estimates by multiplying the posterior probabilities [1] (Fig-
ure 6.1(a)). If each feature spans a separate subspace of the target state, a
similar framework can also account for conditional feature dependencies [2].

The outputs of independent algorithms tracking localised parts of the target
can be used as the observables of a Markov network [3], with a state variable
associated with each part. Assuming linear and Gaussian interactions, the
network models the compatibility between the states (i.e. the position of the
parts). An algebraic criterion assesses the inter-part consistency, thus allowing
the removal of inconsistent measurements.

An alternative is to perform the fusion sequentially, considering the fea-
tures as if they were available at subsequent time instants (Figure 6.1(b)).
The results of a blob detector, a colour-based mean shift (MS) tracker and a
feature-point tracker can be incrementally incorporated by extended Kalman
filtering [4]. The frame-by-frame measurement noise used by the filter for each
feature acts as a feature reliability estimator. The measurement noise can also
be estimated in a training phase [5], thus avoiding having to adapt the fea-
ture contribution over time, but reducing the flexibility of the tracker under
changing scene conditions.

A summary of multi-feature tracking algorithms with fusion at the tracker
level is given in Table 6.1. The table highlights the features and the fusion
mechanism used by the trackers.
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| Tracker 1 |—>| Tracker 2 |—>| Tracker N |—>

(b)

Figure 6.1 Tracker-level data fusion strategies for video tracking: (a) fusion of
independent estimates from parallel trackers; (b) sequential integration of tracking
estimates in a cascade architecture.

Table 6.1 Comparison of feature types and fusion strategies used in video
tracking algorithms that combine multiple features at the tracker level.
Ref. | Algorithm Features Fusion
1] CONDENSATION, Template, blob, colour | Non-adaptive product
Kalman filter
2] Particle filter Colour, contour Product of pdfs
(3] Kanade-Lucas, particle | Template Bayesian network
filter
[4] Extended Kalman filter | Blob, colour, geometry | Sequential integration
[5] CONDENSATION Template, colour Covariance estimation
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6.2.2 Measurement-level fusion

When fusing multiple features at measurement level, the measurements are
combined internally by the tracking algorithm. Fusion can take place with a
variety of mechanisms, such as via a voting procedure, using saliency maps,
Bayesian networks or the estimation of mutual information.

For example, the phase coefficients of the wavelet decomposition can be
considered as multiple features forming a time-evolving template [6]. Each
phase coefficient is modelled independently by a mixture of three components:
(i) a stable component, (ii) a fast varying component and (iii) a component
that models outliers. The fusion is performed by a procedure that gives more
importance to stable coefficients. It is important to notice that, as all the
measurements are generated with the same technique, they also present the
same failure modalities [6].

As an alternative, a Markov model can be used to eliminate the feature
measurements generated by clutter and to replace occluded measurements [7].
Also a Bayesian network can model the dependency of multiple reliability
scores to evaluate different features [8]. This method requires a training phase
to learn the parameters of the network.

Saliency maps of multiple features can be adaptively integrated as a
weighted average, where the weights depend on the correlation between the
saliency of each feature and the overall result [9]. The decision is based on
the evaluation of the different descriptors on the whole frame and there-
fore this solution is applicable to single-target tracking only. Moreover, the
results are valid only when consensus between the individual features is
predominant [10].

To overcome this limitation, a particle-filter framework can be used, which
evaluates the features only on the tracking hypotheses (particles) propagated
by the algorithm. For example, multiple multi-modal features can be fused
non-adaptively in a particle filter assuming conditional independence of the
features, given the state [11]. In this approach, the feature contribution is
held constant and the adaptivity relies on the resampling step that discards
particles with low likelihood. If one can assume inter-feature independence,
the contribution of each feature can be taken into account by multiplying
likelihoods and by selecting weights based on the distance between the tracking
result of each feature and the global tracking result. Each weight is used as
the exponent of the corresponding likelihood [12]. Note that this solution
is equivalent to creating a weighted log-likelihood mixture [13]. A similar
reliability measure is used in a voting framework to fuse five features for visual
servoing [14].

To account for cooperative feature interaction, mutual information can be
used to quantify inter-feature agreement [15] and to assess feature reliability
[16]. Feature interaction can be learned using a graphical model approximated
by variational inference and Monte Carlo sampling [17]. Using colour and
shape information, the colour state is iteratively updated by sampling the
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shape prior, whereas the shape state is updated by sampling the colour prior.
A graphical model coupled with inter-feature belief propagation can also be
used to integrate colour, shape and intensity [18], where the final output is
a set of three different states (each one associated with a feature). In such a
case the fusion problem is delayed to a subsequent step.

A comparison of features and fusion mechanisms at the measurement-level
used in multi-feature tracking is given in Table 6.2.

6.3 FEATURE FUSION IN A PARTICLE FILTER

6.3.1 Fusion of likelihoods

The particle filtering [21] tracking approach described in Section 5.3.2 can
account for multiple features Ny at the likelihood level. Suppose that we can
evaluate a likelihood gy, ;(zx|z1) at time k for each feature j (j = 1,..., Ny).
A solution is to compute the overall likelihood as a linear combination of the
single feature likelihoods [10] as

Ny
g (elew) = o gi (el e), (6.1)
j=1

where «;, ; is a mixture coefficient and

Ny
> ;=1 (6.2)
j=1

The sum rule was demonstrated in the case of object classification to out-
perform the product rule and other classifier combinations schemes by being
less sensitive to ambiguous and inconsistent measurements [22]. Similarly, in
object tracking the sum rule can be a better choice as it is less sensitive to
clutter and targets with similar appearance. Moreover, this strategy is in line
with the assumption that humans perceive visual content through a sum of
multiple features weighted by their reliability [23].

As an example, to implement the filter we describe the target area with two
features (i.e. Ny = 2) based on histograms. The first feature is the multi-part
colour histogram defined in Section 4.3.2. Colour information is complemented
by information on object shape and internal edges encoded in the orientation
histogram also defined in Section 4.3.2. Let us calculate the likelihood of each
feature using the distance from the model histograms, defined in Eq. (4.5) as

9k (ze|lzk) = e~ d(rej(zi), rM_j)Z/(QU_/Z»). (6.3)
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Table 6.2 Comparison of feature types and fusion strategies used in
video-tracking algorithms that combine multiple features at the measurement level.

intensity change

Ref. | Algorithm Features Fusion
[19] | Full search on motion Colour histogram, Non-adaptive linear
predicted region edge map combination
[20] | Trust region search Colour histogram, Non-adaptive linear
edge density combination
[6] EM on affine Phase of wavelet Enhancing stable
parameters coeflicients coefficients
[7] Monte Carlo Edge feature points on | Clutter and occlusion
the contour Markov modelling
[9] Saliency map fusion Motion, colour, Adaptive democratic
(full search) position, shape, integration
contrast
[11] | Particle filter Colour, motion, sound | Non-adaptive
likelihood
factorisation
[10] | Multi-target clustered Motion, colour, Non-adaptive linear
particle filter Kalman prediction, combination
shape, contrast
[12] | Particle filter Colour, shape Adaptive
log-likelihood mixture
[14] | Optimised search on Edge, disparity, Adaptive voting
window colour, template,
motion
8] Kalman filter Colour, motion, blob | Bayesian network
[15] | Full search Shape, colour, Inter-feature mutual
template information
[16] | Multiple hypotheses Intensity, texture, Intra-feature mutual
colour information
[17] | Monte Carlo Colour, shape Co-inference learning
[18] | Monte Carlo Colour, shape, Inter-feature belief

propagation
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Note that the exponent is used to obtain a smooth likelihood, thus facilitating
the final state estimation. The value of o, which models the noise in the
measurements, is determined experimentally. In this specific example, it is
based on the fact that gradient orientation is more affected by noise than
colour and that the finer the quantisation, the higher the impact of the noise.

Starting from the weight-update formulation of Eq. (5.29) we further sim-
plify the problem by taking g, the importance distribution used to sample
the particles, proportional to the state transition model, i.e.

@ (T |Tr—1, 26) < frpp—1(Tk|TE-1)
Thus for arbitrary resampling functions

(4) wi(ci)l (4)
wy” o (i>_ gr (z]z)”). (6.4)
a1

6.3.2 Multi-feature resampling

When systematic multinomial resampling is used (i.e. the particles are
resampled proportionally to their weight),

ai’ill = wif’ll ’

hence

w,(c” X gk (zk\mgj)), (6.5)
that is, the weights are proportional to the likelihood of the observation
vector [24]. This means that, in the multi-feature case, particles are drawn
proportionally to the mixed likelihood weights of Eq. (6.1). When the
algorithm degenerates (i.e. all but one feature give negligible contribution),
most particles are resampled from a single feature, thus ignoring the other
components of the mixed likelihood.

As the evaluation of the reliability of each feature requires a set of particles
that accurately represents all the components of the mixture as defined in
Eq. (6.1), it is appropriate to introduce a multi-feature resampling strategy.
The resampling function is defined as

Ny
ol =" By g (alal)) i=1, L, (6.6)
j=1
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where

4 o ifag; >V/Ny .
B = { V/N;  otherwise g=1,..Ny. (6.7)

The threshold V' > 0 prevents all the particles being drawn from the likelihood
distribution of a single feature if the weights become unbalanced. *
After thresholding, we normalise the weights so that

Ny
> Bry=1 (6.8)
j=1

Algorithm 6.1 Multi-feature adaptive particle filter

SR

Sy Ly
1: Compute {agll} ' according to Eq. (6.6)
i=1

) N L
2: Resample the particles from {xiflpagﬁl } Al
3: fori=1:L; do "

Draw x;j) from fk|k_1(ack|x,(fll)

=

Compute {gy. ; (zk\xil))}jvzfl according to Eq. (6.3)
end for
Compute {ay ; }j\f:fl
fori=1:1L; do _

Compute gk(zk|x,(j)) according to Eq. (6.1)

© 00 N O O

10: Assign the particle a weight w,ii) according to Eq. (6.4)
11: end for

We will refer to the multi-feature particle filter with the proposed resampling
procedure as MF-PFR and to the multi-feature particle filter with multinomial
resampling (see Eq. 6.5) as MF-PF.

Finally, the best state at time k is derived using the Monte Carlo approx-
imation of the expectation, as in Eq. (5.30). When the weights are updated
online, we obtain the adaptive multi-feature particle filter (AMF-PFR) that
is described by the Algorithm pseudo-code.

9The weights are said to be unbalanced when the weight of a single feature is very large
and the weights of all the other features are small.
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6.3.3 Feature reliability

The reliability of a feature quantifies its ability to represent a target based on
its appearance as well as the ability to separate the target from the background
and from other targets. We will discuss and compare various approaches for
the computation of feature reliability.

6.3.3.1 Distance to average The measure 7,&1 ; (distance to average) for
feature j is defined as

Yo =R (g (zrlan) = (gr j(zielze) ), (6.9)

where I, is the state determined by the particle with maximum fused likeli-
hood, defined as

Iy = arg max {gk(zk|x,(j))} , (6.10)

Ty

and <gk g (zk |1'k)> is the average likelihood of feature j over the set of particles.
R(.) is the ramp function

z ifz>0

0 otherwise ° (6.11)

R(z) = {

An alternative solution, here referred to as 7,3‘ It substitutes Z; with the best
particle selected separately by each feature j:

Zp = arg max {g;w (zﬂx,@)} . (6.12)
Ty,

6.3.3.2 Centroid distance Feature reliability can also be estimated based
on the level of agreement between each feature and the overall tracker re-
sult [12]. The contribution of each feature is a function of the Euclidean dis-
tance EJ. ; between the centre of the best state estimated by feature j and
the centre of the state obtained combining the features using the reliability
scores at time k — 1.

The corresponding reliability score 'y,i ; (centroid distance) is computed by
smoothing Ej, ; with a sigmoid function

5 tanh(—aEp; +b) +1
’Yk,]' - 9 )

(6.13)

where a,b are constants (fixed to a = 0.4 pixels™! and b = 3 in the original
paper [12]).
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Note that this measure includes information extracted from the position
estimates only, but does not account for other components of the target state,
such as size and rotation.

6.3.3.3 Spatial uncertainty To compute the likelihood as in Eq. (6.1), we
estimate the mixture coeflicients oy ; based on each feature reliability. We
weight the influence of each feature based on their spatial uncertainty [25].
The spatial uncertainty of a feature depends on the shape of the likelihood.
In fact, to facilitate the task of the state estimator, the likelihood should be:

® smooth,
e unimodal (i.e. with a single peak)

¢ informative around the maximum (i.e. with a non-flat surface around the
peak).

However, the likelihood may present multiple peaks and, in the worst case,
their local maxima might be close to the predicted target position. This type
of feature, when compared with a feature that presents a dominant peak in
the likelihood, is more spatially uncertain.!’

Figure 6.2 shows a sample scenario with background clutter where measur-
ing the spatial uncertainty of a feature may help the tracker. While tracking
the face, the colour-histogram information is ambiguous. In fact the colour
of the box on the bottom left is similar to the skin colour and consequently
the colour likelihood presents two major modes (Figure 6.2(b)). Orientation
information is instead more discriminative (i.e. less spatially spread) on the
real target (Figure 6.2(c)).

To estimate the spatial uncertainty, we analyse the eigenvalues of the
covariance matrix C} ; of the particles ac,(;) weighted by the likelihood, and
computed for each feature j at time k [26]. For illustrative purposes we now
define Cj, ; for a 2D state, © = (u,v). Then the 2 x 2 normalised covariance
matrix is

St L o)W —a)? T 4, o) @ — @) — o)

C S 1w, v(®) SR L (u)0)
Jj =
Zfil l; (u(i),v(i))(u<i) —a) (v — o) ElL:Al l; (um’vu))(vm — )2
S (), 0) Sk 4 (u®, u()

(6.14)

For a more readable notation we have omitted k, and used [;(x;) instead
of gr ;(zk|zk). T=(u,v) is the average over the samples weighted by
the likelihood. The extension to the 5D state used in elliptic tracking is
straightforward and a 5 x 5 covariance matrix is obtained.

10Note that this observation is similar to the considerations that were used to design the
hybrid tracking algorithm described in Section 5.3.3.2.
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(c)

Figure 6.2 Comparison between the model-candidate likelihood of colour and
orientation histograms in a head-tracking scenario. The target model is computed
at track initialisation time. (a) Frame under analysis. (b) Spatial spread of the
colour likelihood. (c¢) Spatial spread of the orientation likelihood. A reliability score
measuring the spatial spread could improve the tracker performance by increasing
the importance of the orientation histograms. IEEE (© [26].

We can now define the uncertainty Uy ; as

D
[IA = &/1ckl, (6.15)
i=1

which is related to the volume of the hyper-ellipse having the eigenvalues

AR,

as semi-axes. D is the dimensionality of the state space. The determinant
.| is used instead of the sum of the eigenvalues to avoid problems related to
state dimensions with different ranges (i.e. position versus size or orientation).
The larger the hyper-volume, the larger the uncertainty of the corresponding
feature about the state of the target.
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The corresponding reliability score 7,?7 j (spatial uncertainty) is defined as
Yo, =1/Us. (6.16)

The importance of each feature is therefore the reciprocal of its uncer-
tainty. 71%-,]‘ computes the average (u,v) for Eq. (6.15) from the particle states
weighted by the fused likelihood using the reliability estimated at time k — 1.
This measures the likelihood spread compared with the tracker result.

A second version of the score ’y,‘; ; can be defined that uses the weights of
each feature to compute the average (4, 7;), which is substituted for (@, v) in
Eq. (6.14), thus measuring the internal spread of each single-feature likelihood
9k j ()

Both reliability estimations 'yf ; and 7;?‘ ; based on particle filter sampling,
allow us to assign different reliability scores to different targets in the scene:

e When the targets are far from each other in the state space, Eq. (6.15)
determines the discriminative power of a feature in separating the target
from the background.

e When the targets are close to each other, the two sets of hypotheses
overlap.

Hence, due to the multi-modality of the likelihoods, the uncertainty defined
by Eq. (6.15) increases.

6.3.4 Temporal smoothing

To impose temporal consistency and generate «y, j, the final score «; ; under-
goes filtering using the leaky integrator

arj =71+ (L= 7)., (6.17)

where 7 € [0, 1] is the forgetting factor. The lower 7, the faster the update of
oy ;. To satisfy Eq. (6.8), it is sufficient to enforce the condition

Ny
Z'V’“J =1.
j=1

6.3.5 Example

As an example we analyse the time evolution of the five scores we discussed
so far for a head-tracking task (Figure 6.3). The scores should reflect the
following observations:

e When the head starts rotating, the contribution of the gradient should
increase as the colour distribution changes significantly.
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Figure 6.3 Comparison between different feature-weighting strategies. The plots
show the evolution of the weights representing the relative importance of the shape
information with respect to colour information during a complete revolution of the
head (Key: o', o?: distance to average; o®: centroid distance; o, o”: spatial uncer-
tainty). IEEE © [26].
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e When the head has again a frontal pose, the gradient contribution should
decrease and approach its initial value.

From the plot of Figure 6.3 it can be seen that the score o' has a high
variability, caused by the ramp function of Eq. (6.11). The likelihood evaluated
in the best combined state is often lower than the average likelihood, thus
resulting in v* = 0 and a rapid variation of a'. Unlike o!, a? is not influenced
by the ramp, since the likelihood is measured on the best particle of each
feature separately. o correctly increases the importance of the orientation
histogram during the rotation. However, other variations are generated when
no adaptation is expected. Similar considerations can be drawn for o®; the
high variability is not always motivated by real appearance changes. Before
the head rotation, the two scores o* and a® behave similarly. Only o* has the
expected adaptation profile that correctly follows the head rotation.

Extensive comparative results of adaptive multi-feature trackers and ob-
jective evaluations of the impact of reliability criteria on the tracking results
are presented in Section A.3 in the Appendix.

6.4 SUMMARY

This chapter discussed the advantages of using multiple features in video
tracking. An overview of different fusion strategies was presented based on
differentiating approaches that combine the information at the tracker level
and approaches that combine the information at the measurement level. We
also discussed different reliability criteria and described an adaptive multi-
feature tracker based on particle filtering.

While so far we have treated the problem of tracking a single target, in the
next chapter we will describe how to deal with a variable number of targets.
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MULTI-TARGET MANAGEMENT

7.1 INTRODUCTION

The trackers presented in the previous chapters generally rely on an initial
estimate of the target position in the image plane. This is an operational
condition that is acceptable when developing a tracking algorithm in specific
applications where the tracker can rely on user initialisation. When instead the
application requires real-time tracking of a time-varying number of targets, the
tracking algorithm needs to integrate automated initialisation and termination
capabilities.

Most multi-target algorithms use detection-based tracking [1, 2] where,
as discussed in Chapter 1, the multi-target tracking problem is solved in
two steps:

e the detection of the objects of interests and

e the association of consistent identities with different instances of the
same object over time.

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 131
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In the second step, multi-target trackers compute the optimal association
between sets of detections produced in subsequent frames and then use the
association to produce an estimate of the number of targets M (k) and their
positions Xj. We can identify two main groups of multi-target algorithms,
namely based on finding the nearest neighbour solution and based on solving
linear assignement problems:

1. Algorithms based on nearest neighbour associate each trajectory with
the closest measurement to the predicted position of the target [3].

2. Algorithms based on finding a global optimum by formulating data
association as a linear assignment problem [4] offer principled solutions
for track initialisation and termination. When the problem is cast
over a window of frames, these algorithms can cope with objects
failing to generate detections (observations), as in the case of short
occlusions [5]. Among the methods of this class the multiple-hypothesis
tracker (MHT) [6] propagates over time the best trajectory hypotheses,
including new and disappearing targets, missing and false detections.
As with other data association strategies, MHT propagates each
association hypothesis via a single-target localisation method, often a
Kalman Filter [6].

An important limitation of association algorithms of the second class is
that the number of association hypotheses grows rapidly with the number
of targets in the scene and the temporal observation window. To mitigate
this problem, a gating procedure is often applied to discard less probable
associations. More recently, to solve this problem, a novel framework based
on Random Finite Sets (RFS) was proposed [7]. This framework offers the
opportunity to perform smart approximations that result in linear complexity,
as we will discuss later in this chapter.

7.2 MEASUREMENT VALIDATION

Given the trajectory x;_1 of a target (i.e. the set of state estimates up to
frame k — 1) and the new set of measurements 7, at time k, we want to find
which measurements are compatible with the expected motion of the target.

Measurement validation, also known as gating, is a common technique used
to reduce the number of association hypotheses and consequently to reduce
the computational cost. The main idea is that some measurements are not
compatible with the expected motion of the target and therefore it is possible
to discard them based on some validation criteria.

A common approach to measurement validation is:

e to predict the current state & from the past data (i.e. x;_1) and

e then to assess the compatibility of each measurement with this
prediction.
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Figure 7.1 The measurements (green boxes) within the validation region (grey
area) centred on the prediction (red triangle) are considered as possible associations
with the trajectory (in blue).

This approach is particularly appealing for tracking algorithms where the
prediction step is also part of the state-estimation procedure (e.g. algorithms
based on Bayesian iterative filtering). Figure 7.1 shows a pictorial example of
measurement validation.

From a Bayesian tracker perspective, the validation of a measurement
z € Z, should depend on the likelihood p(z|zr—i) of this measurement,
conditional on the previous data associated with the trajectory. From the
Markovian assumptions, it follows that

plelen1) = / p(elei)p(ax 2 )dz, (7.1)

where zj;_; are the measurements associated with the target in the previous
time steps and that have been used to estimate the trajectory xj_;.

Typically, measurements with p(z|z;_1) that is higher than an appropriate
threshold should be considered as possible associations for the trajectory data
Xj—1. When a Kalman filter is used then p(z|zy—1) is Gaussian and from
Eq. (5.14) and Eq. (5.15) it follows that

p(zlzi—1) = N (2|3, S) = N (2|Grin, GiPrs—1Gy, + Ri), (7.2)

where Z; = G2y is the predicted measurement projected from the predicted
state y, Ppjx—1 is the covariance of the prediction probability

p(r|ze—1) = N(xp |2k, Pyjr—1),

and Ry is the measurement noise covariance.
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Note that in some situations it might be necessary to validate measurements
on non-consecutive time steps. In this case, the computation of p(z|z;_,),
with v > 1, is similar to Eq. (7.2). Given the difference in time between the
(k —v)th and kth steps and the linear state-propagation equation, we can
calculate the predicted position #; and the prediction covariance P;_,. In
practice, to save computational resources, we can avoid computing the ex-
pensive exponential of the Gaussian and validate those measurements with a
Mahalanobis distance that is smaller than a threshold T, that is

d(z, ) = /(= 3)'S7 (o0 — ) < T (7.3)

Since d(zy, 2 ) is x2-distributed, the validation threshold T is found by choos-
ing a rejection percentile and by then looking up the value in the tables of the
x? cumulative distribution function.

In the case of multiple targets and multiple tracking hypotheses, the val-
idation procedure should be repeated for each target and for each track-
ing hypothesis.

7.3 DATA ASSOCIATION

Given the results from an object detector, the tracking problem can be solved
by linking over time the detections generated by the same target and then
by using these detections to estimate its trajectory. Although the problem is
NP-complex with the duration of the observation period, simplifications can
be introduced to reduce the complexity.

7.3.1 Nearest neighbour

Let us consider the problem of associating one of the measurements in the set
Z. to a single target. The nearest neighbour is the simplest data association
technique. Given the past state estimates x;_; (i.e. the trajectory), the nearest
neighbour method selects the measurement that is most compatible with the
prior target evolution or, in other words, the closest measurement to the
predicted measurement Zy.

Note that the computational cost of finding the nearest neighbour can be
reduced by pre-sorting the measurements. Instead of computing the distance
between the prediction Z; and the measurements in Z; one can organise the
data in a partitioning data structure known as a kd-tree. A kd-tree is a bi-
nary tree where each non-leaf node is a k-dimensional point that splits the
space into two subspaces. In our case, k is the dimensionality of the observa-
tion space.

Better performance is typically obtained with a balanced tree, a tree where
the distance from the leaf nodes to the root node is similar for all the leaves. A
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Figure 7.2 Sample of a kd-tree for nearest-neighbour measurement association.
The balanced binary three (right) is formed by recursively splitting the observation
space around the median measurment (left).

simple way to obtain a balanced tree, as the one in the right side of Figure 7.2,
is to cycle through the dimensions of the measurement space and to use as
a splitting point the median measurement for the current dimension, as in
the left side of Figure 7.2. Once the kd-tree is formed, finding the nearest
neighbour involves the following steps:

1. From the root, iteratively compare the predicted measurement Z; with
the splitting plane and move to the branch the measurement belongs to,
till reaching a leaf node.

2. Select the measurement associated to the leaf node as the current nearest
neighbour.

3. Compute the distance dpest between Z; and the current nearest neigh-
bour.

4. Move one step up the tree and compute the distance ds between Z;, and
the splitting hyper-plane.

5. If dpest > ds, look for the nearest neighbour on the other branch of the
tree; otherwise repeat from step 4 until you reach the root.

Finding the nearest neighbour is O(logV, ), where N, is the number of mea-
surements. This cost is cheaper than the naive extensive search strategy that
is O(N, ). However, as the creation of the kd-tree requires extra computations,
for small N, extensive search may be faster than using a kd-tree.

Note that simple nearest-neighbour approaches require a set of heuristics
to account for target birth and death, missing and false measurements.

The nearest-neighbour strategy can be easily extended to multiple targets
by repeating the single assignment process for each target. This approach
produces reasonable performance as long as the measurements generated by
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the targets are well separated in the measurement space. When this is not the
case, a problem arises as there is the risk of assigning the same measurement
to multiple targets.

7.3.2 Graph matching

To obtain a consistent identity for each target over time an optimised pro-
cedure based on graph-matching can be used [4,5]. To this end, we can cast
the problem of associating pre-existing trajectories Xj_1 (or equivalently the
existing assigned measurements Zj_1) with the current measurements Z; as
a linear assignment problem. We will distinguish three scenarios: two-frame
matching with the same number of elements; two-frame matching with a dif-
ferent number of elements and multi-frame matching. These scenarios are
described below.

7.3.2.1 Two-frame matching with the same number of elements Let us
assume that the two sets Z;_; and Z, have the same number of elements.
Let us also define a cost function ¢(-) that evaluates the compatibility of a
predicted target state with a measurement.

The objective is to find the assignment (j : Z;_1 — Zj, a function that
associates an element in Zj;_; with an element in Z; that minimises

H(lin Z c(z, (i (2)). (7.4)

z€Zy 1

The optimal solution of this minimisation problem can be found using the
Hungarian algorithm from Hopcroft and Karp [8]. The complexity of this algo-
rithm for the tracking problem is cubic in the number of trajectories. Further
savings can be achieved by applying gating before association (see Section 7.2).
This is possible as the linear assignment problem can be interpreted in terms
of a weighted bipartite graph such as the one shown in Figure 7.3(a).

A bipartite graph, also called a bigraph, is a graph where the set of vertices
is composed by two disjoint subsets such that every edge in the graph connects
a vertex in one set to a vertex in the other set. In our case the two sets are
clearly identified in the existing trajectories Xj_1 (or equivalently Zj_1) and
the new measurements Z; and the edges are weighted by the cost function.
The final tracks are identified by the best set of edges generated by the path
cover of the graph with the minimum cost (i.e. the combination of edges that
gives the minimum cost sum). The number of edges in the graph influences
the computational cost and these can be reduced by adding to the graph only
those edges between nodes that pass the validation step (Figure 7.3(b)).

A common choice for the cost function ¢(.) is the opposite of the measure-
ment log probability

c(zr—1,2) = —logp(2k|Zk—1), (7.5)
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Figure 7.3 Graph matching. The graphs represent matching problems equiva-
lent to the linear assignment between existing trajectories and measurements when
the two sets have the same number of elements. (a) Full association graph. (b)
Association graph after measurement validation. (c) Possible solution of the linear
assignment problem. (d) Extended graph that accounts for unmatchable trajectories
and measurements.

with 2z, € Z; and z;_1 € Zj_1. Therefore, assuming that the targets generate
independent observations, solving the linear assignment problem is equivalent
to maximising the logarithm of the association likelihood

P(ZlGZi-1) = T p(G(2)]2). (7.6)

Ay
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7.3.2.2 Two-frame matching with a different number of elements The
solution described so far is limited to the case where the number of trajectories
X _1 is the same as the number of detections in Z,. To relax the model to
cope with unmatchable trajectories and unmatchable observations, we can add
additional edges to the graph (Figure 7.3(d)). These edges (one per trajectory
and one per measurement) will work as slack variables in the optimisation
problem. The weights of the edges may have a double tracking meaning that
depends on the problem we are trying to solve for:

e If we assume a pre-defined and constant number of targets, unmatched
trajectories and detections represent missing and false detections, respec-
tively. Therefore, under the assumption of uniform clutter with Poisson
intensity, the weights of the edges should be set to — log P4 and — log Ap,
where P, is the probability that a target fails to generate a detection and
Ap is the clutter Poisson rate modelling the average number of detections
that are due to clutter.

e If there is a variable number of targets, unmatched trajectories and de-
tections can represent terminated trajectories and new targets appearing
in the scene. Therefore, under the assumption of uniform birth events
with Poisson intensity, now P4, and Ap are the death probability and
new-born rate, respectively.

In both cases, the graph maximises the posterior

p(Ck| 2k, Li—1) = ép(ZkKkvZk—l)p(<k7|zk—1)

1

PV IT 0 - PopGele), (1)

z2€ZLy 1

where C' is a normalising factor and Zk,l C Zj_1 contains the trajectories
that in the association hypotheses (; are matched with a measurement. Note
that the weights of the edges connecting detections and trajectories are mul-
tiplied (summed in the logarithmic scale) by the factor (1 — P4) that defines
either the detection probability or the survival probability, respectively.

7.3.2.3 Multi-frame matching Finally, the limitation of associating mea-
surements and trajectories frame-by-frame is that it is not possible to cope
with missing and false detections, and target birth and death at the same
time within the linear association framework.

Some of these shortcomings can be overcome by extending the graph to
encompass multiple frames [5]. The idea is to model possible missing detec-
tions by allowing for links between nodes of the graph from non-consecutive
frames. In the following, we explain in practical terms how to recursively form
the graph and how to find the optimal solution.
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Let us assume that the best association between measurements in the frame
range [k — [,k — 1] with [ > 1 is known and that the solution may include links
between non-consecutive frames (Figure 7.4(a)).

When the new measurements at time k become available, we add to the
graph all those association hypotheses between the new measurements and all
the other measurements in the previous k& — [ frames that pass the validation
procedure (Figure 7.4(b)). The resulting graph is not a bigraph as it contains
nodes that have both input and output edges. To this end, we enforce a bipar-
titioning of the graph by splitting the nodes that have both input and output
connections into two twin nodes, each one inheriting one of the two connec-
tion sets, as shown in Figure 7.3(c). Also, as in the graph of Figure 7.4(d),
termination and initialisation edges can be included to model target birth and
death. Then, algorithms like the Hungarian search ([8]) are applied to find the
maximum path cover of this graph.

Unlike the two-frame graph, the solution of the assignment problem is
optimal only when the cost function does not depend on past assignments
(i.e. the cost depends on the z of the nodes connected by the edges only).
This is not the case, for example, when the prediction uses target speed or
acceleration estimates that are computed using previous association results.
The problem is that the multi-frame associations are not definitive till the
frame is pushed out of the time window [k — I,k — 1]. In fact the solution
at time k may over-ride some of the older associations that were used to
compute speed and acceleration estimates. This bias can be corrected by the
non-recursive algorithm proposed by Shafique et al. [5].

The probabilistic interpretation of the method is the maximisation of

P(Ch—t:k| Zi—t:ks L —1-1)5

the joint association posterior conditioned over the measurements within the
frame window and the old measurements. The cost of edges connecting pos-
sibly non-consecutive measurements becomes

C(Zk—v ’ Zk) = log (Pﬁl_lp(zk ‘zk—v) ) ;

where Py is the missing detection probability and p(zi|zg—,) comes from
forward-predicting the trajectory of v frames. Although the resulting algo-
rithm can deal with target births, deaths and missing detections, it does not
explicitly account for cluttered detections.

In the next section we describe a technique that, although more computa-
tionally intensive, generalises the association problem to its final level.

7.3.3 Multiple-hypothesis tracking

The multiple-hypothesis tracker (MHT) algorithm [6] extends the concepts
presented in the previous sections and can be considered as the optimal solu-
tion to the data-association problem, under the assumption that the targets
generate independent measurements. The MHT was originally designed for
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Figure 7.4 Multi-frame graph matching. The graphs represent a multi-frame
data-association problem between tracking measurements. (a) Best association at
time k£ — 1. (b) Possible associations at time k. (¢) Enforcing the bipartitioning of
the graph with twin nodes.
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radar-based tracking applications and then used in vision-based applica-
tions [9]. Similarly to the multi-frame graph matching, the idea behind MHT
is to delay a decision regarding the assignment of an old trajectory to a new
measurement, until enough evidence becomes available.

7.3.3.1 Global association In probabilistic terms, the goal of MHT is to
find the global association hypothesis ¢, (i.e. a set including all the associa-
tions up to frame k) that maximises the posterior p({;|Zy).

Let us assume that at step k — 1 we have a set of plausible global association
hypotheses and that ¢, _; is one hypothesis in this set. Given the new set of
measurements Zj, we can spawn from each old global hypothesis a set of new
global hypotheses by considering that each measurement in Zj can:

1. be a spurious measurement (i.e. a false detection)

2. be associated to one of the trajectories postulated in ¢;_; if it falls
within its validation gate

3. be associated to a new trajectory.

Also, a trajectory postulated in ¢, _, that is still alive at time k — 1 can, at
time k:

1. survive and generate a measurement
2. survive and remain undetected
3. disappear from the scene.

Given these conditions, MHT validates all the possible incremental hy-
potheses (; that extend the parent global hypothesis ¢, _; and computes the
posterior probability of the novel global hypothesis ¢, = {(x,{,_1} as

p(Ck|Zk) :p(CkaCk_1|Zk:7Zk:—l)a (78)
and using the Bayesian theorem

1

p(Ck‘Zk) = C

P(Zk|Crs Chm1s Zi—1)P(Ck|C—15 Zi—1)P(Ch—11Zr—1),  (7.9)

where the normalising factor C' is obtained by summing the numerators over
all the alive hypotheses at time k.

The first term p(Z;|Ci, §j—1, Zr—1) is the likelihood of the current measure-
ment, given the hypothesis {(;,;_;} and the previous measurements Zj_;.
Given the assignment (;., a measurement z;, € Zj:

e can be generated from an existing target
e can be a spurious (false) measurement

e can be associated with a new-born target.
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Therefore, assuming that the distribution of spurious measurements and of the
measurements due to new-born targets and cluttered (false) measurements is
uniform over a bounded observation volume V', then p(Zj|¢i., €)1, Zr—1) can
be written as

1
P(ZelG G Zi) = ey L p(G(@)la), (7.10)
ZECl;_l(Zk-—l)

where Np and Ny are the number of false detections and new targets postu-
lated by the hypothesis ¢, respectively; while the likelihood p(¢x(z)|z) of the
measurement can be obtained from Eq. (7.2) with (;(2) € Z.

The second term of Eq. (7.9), p(Ck|Cr_1, Zr—1) is the prior of the hypothe-
sis (i, given the parent hypothesis ¢;_;. To compute this probability we note
that a target postulated by the hypothesis {;_; can either survive or disap-
pear from the scene. Also, among the surviving targets, some may remain
undetected. From these considerations and following the detailed derivation
in [1], we obtain

Nr!Ny!
M;!

P(NN)p(Ne) PY'S (1 — Ps)¥ = P (1 — pp)¥ =0 =7s,
(7.11)

P(CrlChys Zr—1) =

where Pg is the probability of survival of a target.

Finally, the last term of Eq. (7.9) is the probability of the parent hypothesis
¢;_; computed at the previous step k& — 1.

From Egs. (7.9), (7.10) and (7.11) and under the assumption that the
number of false detections Np as well as the number of new targets Ny are
Poisson distributed, we obtain

1

e
x PS (1 — Ps)N =N PP (1 — Pp)N Vo =Ns
xp(CralZior) ] pG(2)]2),

2€C;, _y (Zr—1)

p(Cr.|Zk) AiQf[N AgF X

where Ay and Ap are the new arrival and false measurement rates defining
the Poisson distributions.

The main problem with MHT is that the number of tracking hypotheses
grows exponentially over time. Therefore, due to the limits on computational
power and on memory, it is often not feasible to find the optimal solution of
the association problem as formulated by the MHT. Hypothesis selection and
pruning techniques can limit the growth in the number of hypotheses, while
still finding a solution that is as close as possible to the optimum.
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7.3.3.2 Hypothesis propagation Two popular techniques for hypothesis
propagation select a subset of hypotheses to be propagated.

The original method to reduce the number of hypotheses [6] is based on
the observation that, in the case of well-separated targets, their tracks cannot
be associated with the same measurements. For example, this happens when
the measurement validation areas do not intersect each other. Given one old
hypothesis ¢;,_; and the new measurements Z;,, we can form clusters of tracks
and measurements that do not intersect in terms of associations. Given ¢;._1,
each cluster can be treated as a separate tracking problem. In this case, it is
possible to form a hierarchy of independent, and therefore less computationally
expensive, tracking problems that are solved separately.

A solution close to the optimum may be found by propagating over time
only a handful of good hypotheses. Cox et al. [9] noted that the problem of
finding the best ¢, between the hypotheses spawned by one of the old ¢, _;
can be cast as a linear assigned problem similar to the two-frame problems we
discussed in Section 7.3.2. Instead of the Hungarian search [8], which retrieves
only the best hypotheses, Murty’s algorithm [10] can be used to find the n
best hypotheses. Also, it is possible to feed the algorithm with all the new
association problems spawned from all the old hypotheses at the same time
to find the globally best n hypotheses.

As final note, similarly to the other algorithms presented in the first part of
this chapter, the MHT also assumes that each target generates one measure-
ment (i.e. a detection) only and that the measurement is not shared among
targets. This assumption is not valid for trackers based on traditional change
detectors that generate blobs, as discussed in Section 1.2.1, when target prox-
imity may induce multiple blobs to merge into a single measurement.

7.4 RANDOM FINITE SETS FOR TRACKING

As discussed in Section 5.2.2 and 5.3.2, the Bayesian recursion is a popular
approach to filter noisy observations in single-target tracking [11,12]. If the
number of targets is fixed and known a priori, the extension of the Bayes re-
cursion is trivial, but computationally intensive, as the dimensionality of the
state space grows with the number of targets in the scene [1]. Moreover, none
of the trackers described in the first part of this chapter is a natural extension
of the single-target Bayes recursion to multi-target tracking. In fact, track-
ers like the MHT [6] apply independent Bayes filtering to each association
hypothesis and not to the multi-target state Xj, thus reducing the filtering
problem to a single-target one. In these filters, the estimate of the current
number of targets M (k) is a consequence of the selection of the best associ-
ation hypothesis. A tracker based on a multi-target Bayes recursion should
also filter M (k) over time.

While the appearance-based trackers described in Section 1.3 model the
uncertainty of the state and observation vectors x; and z; only, detection-based
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multi-target trackers must account for the time-varying number of targets in
the scene and for the fact that an observation in Z; may be due to clutter or
that a target may fail to generate an observation. This requires extension of
the uncertainty modelling to the cardinality of X; and Zj.

A Random Finite Set (RFS) provides a principled solution to the prob-
lem [13]. A RFS is a set where:

® the elements are random stochastic processes and

e the set cardinality is also a stochastic process.

Using the RFS framework it is possible to derive a multi-target Bayes recursion
where uncertainty due to the time-varying number of targets, clutter and
missing detections is accounted for.

To model the uncertainty on the multi-target state and measurement, a new
formulation of the multi-target tracking problem and of the Bayes recursion
which makes use of finite set statistics (FISS) and RFSs can be used [7].
This framework considers the multi-target state as a single meta-target and
the observations as a single set of measurements of the meta-sensor [14]. The
multi-target state can be therefore represented by a RFS, whose Bayesian
propagation is similar to that of the single-target case (see Section 5.2.2).

Compared with existing solutions like Reid’s MHT (see Section 7.3.3),
trackers based on RFS and FISS present a more principled way to deal with
the birth of new targets, clutter, missing detections and spatial noise. In fact,
while most of the methods based on the enumeration of the data-association
hypotheses apply spatial filtering to each single-target hypotheses, RFS-based
methods can integrate spatial and temporal filtering in a single framework.
Also, one of the approaches based on RFS, known as the probability hypoth-
esis density (PHD) filter [14], presents a complexity that is independent of the
number of targets in the scene, thus virtually solving the processing problems
that usually affect multi-target tracking implementations.

Let Z; be the RFS associated with the multi-target state

= = Sk (Xk,—l) U B (Xk—l) uUly, (712)

where:

® Sk (Xk—1) denotes the RFS of survived targets

® By (X;—1) is the RFS of targets spawned from the previous set of targets
KXk—1

e T'; is the RFS of the new-born targets [14].

The RFS € associated with the measurement is defined as

U = O (Xi) U Ty, (7.13)
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where Oy, (X}) is the RFS modelling the measurements generated by the tar-
gets Xy, and T models clutter and false alarms.
Similarly to the single-target case:

e the dynamics of = are described by the multi-target transition density
Jepk—1 (Xk| Xy —1), while

e () is described by the multi-target likelihood g (Z1| X} ) [7].

The recursive equations equivalent to Eq. (5.12) and Eq. (5.13) are

Prje—1(Xk|Z1:1-1) :/fk|k71(Xlek—l)pkfl\kfl(Xk—l‘Zl:k—l)ll(ka—l)

(7.14)
and

9k (21| X )pr k-1 (Xk| 216 1)
Xp|Z1s) = : 7.15
Pei (Xl Z) I 91 (Zk | X0 ) prej—1 (X | Z1i—1 ) pu(d X ) (7.15)

where 4 is an appropriate dominating measure on F(Ej).!!

As we saw in the previous section, the number of track hypotheses in MHT-
like trackers grows exponentially over time. To limit computational cost and
memory usage, a hypothesis pruning mechanism can be applied. Similarly,
computing an approximation of the RFS Bayesian recursion can result in NP-
complex algorithms. The next section describes a solution to this problem
that is known as Probability Hypothesis Density filter.

7.5 PROBABILISTIC HYPOTHESIS DENSITY FILTER

Although it is possible to compute the recursion of Eq. (7.14) and Eq. (7.15)
with Monte Carlo methods [14], as the dimensionality of the multi-target state
X} increases with the number of targets in the scene M (k), the number of
particles required grows exponentially with M (k). For this reason, an approx-
imation is necessary to make the problem computationally tractable.

To this end, instead of the posterior itself, the first-order moment of the
multi-target posterior can be propagated [7]. The resulting filter is known
as the PHD filter. As the dimensionality of the PHD is that of the single-
target state, and does not change with the number of targets in the scene,
the theoretical computational complexity is also independent (i.e. it is O(1))
of the number of targets. However, as we will show later in this chapter,
efficient PHD estimation requires a number of computations that is usually
proportional (and not exponential) to the number of targets [14].

11 For a detailed description of RFSs, set integrals and the formulation of u, please refer
to [14] and [7].



146 MULTI-TARGET MANAGEMENT

The cost of the lower complexity is the lack of information on the identity
of the targets. For particle-PHD a clustering step is necessary to associate
the peaks of the PHD with target identities [15, 16]. Data association for
the Gaussian mixture probability hypothesis density (GM-PHD) is easier,
as the identity can be associated directly with each Gaussian [17,18]. How-
ever, these methods are limited by the linearity and Gaussianity assumptions
on the transition and measurement models. Jump Markov models have been
used to extend GM-PHD to manoeuvring targets [19,20]. Also, implementa-
tions of the particle PHD have been tested on synthetic data [14,21], 3D sonar
data [22], feature-point filtering [23] and groups-of-humans detection [24].

The PHD, D= (z), is the first-order moment of the RFS = [7]. As the first-
order statistics are computed on the set cardinality, the PHD is a function of
the single-target state space Ej.

An alternative approach to define the PHD is via one of its properties. In
fact, the PHD is the function that in any region R C E, of the state-space
returns the expected number of targets in R, that is

E[ENR] = /R e (x)dz, (7.16)

where |.| is used to denote the cardinality of a set.

In more practical terms, the PHD is a multi-modal function whose peaks
identify likely target positions. By counting the number of peaks and evalu-
ating the integrals around the local maxima, it is possible to derive a filtered
estimate of the target locations.

If we denote Dy ;(x) as the PHD at time % associated with the multi-
target posterior density py;(Xi|Z1.1), then the Bayesian iterative prediction
and update of Dy, () is known as the PHD filter [7].

The recursion of the PHD filter is based on three assumptions:

1. The targets evolve and generate measurements independently
2. The clutter RFS, T}, is Poisson-distributed
3. The predicted multi-target RFS is Poisson-distributed.

While the first two assumptions are common to most Bayesian multi-target
trackers ([1,25-28]), the third assumption is specific to the derivation of the
PHD update operator [27].

The PHD prediction is defined as

Dyjp—1(7) = /¢k|k—1($aC)Dk—l|k—1(C)d<+7k(x)a (7.17)

where 7 (.) is the intensity function of the new target birth RFS (i.e. the
integral of v (.) over a region R gives the expected number of new objects
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per frame appearing in R). ¢y (z,§) is the analogue of the state transition
probability in the single-target case

Grjr—1(2,8) = expr—1 () frpp—1(|€) + Brp—1(x[E), (7.18)

where ey, (§) is the probability that the target still exists at time k& and
Brjk—1(-|€) is the intensity of the RFS that a target is spawned from the
state &.

The PHD update is defined as

Do) = |pur (@) + 3 b (@)

2€Z} Hk(z) + <wkﬁZ7Dk|k71> Dk|k71(l’), (719)

where:

® py(x) is the missing detection probability

Ui () = (1 — par (2)) gk (2]x), and gi, (z|z) is the single-target likelihood
defining the probability that z is generated by a target with state x

(f,9) = | f(x)g(x)dx

ki (.) is the clutter intensity.

No generic closed-form solution exists for the integral of Eq. (7.17) and
Eq. (7.19). Under the assumptions of Gaussianity and linearity one can obtain
a filter that in principle is similar to the Kalman filter. This filter is known
as the Gaussian Mixture PHD filter (GM-PHD) [17]. Given the limitations
of the GM-PHD filter on the dynamic and observation models, in the next
section we describe a more generic Monte Carlo implementation of the PHD
recursion, known as the particle PHD filter [14].

7.6 THE PARTICLE PHD FILTER

A numerical solution for the integrals in Eq. (7.17) and Eq. (7.19) is obtained
using a sequential Monte Carlo method that approximates the PHD with a
(large) set of weighted random samples (Eq. 5.20).

Given the set

_ N Le
(i) (i) ko
{wk_l’xk_l}izl

of L;_1 particles and associated weights approximating the PHD at time k& — 1
as

Ly
Dk*l\k*l (],‘) ~ Z wfjll(s (l’ — .13](;11) 5 (720)
i=1
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an approximation of the predicted PHD, Dk|k_1(m), with a set of weighted
particles

) oy Lk _1+J
{J)IEZ>"%§€Z)} k—1 k

is obtained by substituting Eq. (7.20) into Eq. (7.17) and then applying sep-
arately importance sampling to both terms on the r.h.s.

In practice, first we draw L;_; samples from the importance function
Qe (|I§g[11 , Zr.) to propagate the tracking hypotheses from the samples at time
k —1; then we draw J; samples from the new-born importance function
pr(.|Z1) to model the state hypotheses of new targets appearing in the scene.
We will discuss the choice of qk(.|x§ﬁl, Zy,) and pg (.| Z;) in Section 7.6.1.

(@)

The values of the weights (.Dkl b1

are computed as

o (50210, ) ol
- ) @ (55562)\96531, Zk)
(i)
Jipr (i(kl”\Zk)

i1=1,.., Ly
(7.21)
t=Lg_1+1,..., L1+ J;

Once the new set of observations is available, we substitute the approximation
of Dy ;-1 (z) into Eq. (7.19), and the weights

. Li_1+Jg
{(Z)(v’) } k—1+Jk
klk—1 im1

are updated according to

~ (1)
~ (i) (i) Vr.2 (Z),) ~ (i)
@ = pm(E,) + — | Wrt_1> (7.22)
k [ k zezzk ki (2) + Cp(z) | K1
where
Ly _1+Jk ) ]
Ci) = > @ a)
j=1

The particle PHD filter was originally designed to track targets generating
punctual observations (radar tracking [7]). To deal with targets from videos,
we have to adapt the dynamic and the observation models to account for
the area of the target on the image plane. In the following we describe how
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to account for the two additional dimensions, the width and the height of a
target, in the observation.

7.6.1 Dynamic and observation models

In order to compute the PHD filter recursion, the probabilistic model needs
information regarding object dynamics and sensor noise. The information con-
tained in the dynamic and observation models is used by the PHD filter to
classify detections not fitting these priors as clutter.

Although many different types of model exist, to ease the explanation pro-
cess, but without loss of generality, in this section we treat the case where the
measurements are coming from an object detector [29-31] that approximate
the target area in the image plane with a rectangle represented by centroid
coordinates (u, v) and width and height w x h. Therefore the observation gen-
erated by each target becomes

Zk = [uzkavzkvwzkahzk] 6 an

where the observation space is £, C R*. Also, the single target state at time
k is be defined as

T = [UIA. s Ugy s Uy s Vg y Way, s hl;,] S Esa

where the four parameters, u,,, vz, , Wy, , hey, are the filtered versions of
the observation parameters, while u,, and o, , the speed components of the
target, are fully estimated from the data. Note that the state space E, C RS.

Under these assumptions, the magnitude of the motion of an object in the
image plane depends on the distance of the object from the camera. Since
acceleration and scale variations in the camera far-field are usually smaller
than those in the near-field, we model the state transition fk|k,1(ﬂck|mk,1)
as a first-order Gaussian dynamic with state dependent variances (SDV).
This model assumes that each target has constant velocity between consecu-
tive time steps, and acceleration and scale changes approximated by random
processes with standard deviations proportional to the object size at time
k—1,1ie.

— ")
A 02 02 Bl 02 nl&’)

Tp = |00 A0y | xp—1+ | By 0o (kw) ) (7.23)
02 02 IQ 02 BS nlfh)

ny
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with

i Tw,, 0
2 P k-1
07T } , and DBjs [ 0 Thy, ] ,

where 0,, and I,, are the n X n zero and identity matrices, and {ngcu)},{nk:")},

{ngfu)} and {ngcl)} are independent white Gaussian noises with standard de-
viations o0,,(u),0,,),0,w) and o, ), respectively:

o {ni“')} and {n}cl’)} model the acceleration of the target, while
o {ngcw)} and {ni,h)} model the variation in size.

T =1 is the interval between two consecutive steps (k — 1 and k), which
we take to be constant when the frame rate is constant. For simplicity, no
spawning of targets is considered in the dynamic model.

The observation model is derived from the following considerations: when an
object is partially detected (e.g. the body of a person is detected while his/her
head is not detected), the magnitude of the error is dependent on the object
size. Moreover, the error in the estimation of the target size is twice the error in
the estimation of the centroid. This is equivalent to assuming that the amount
of noise on the observations is proportional to the size of the targets, and that
the standard deviation of the noise on the centroid is half that on the size.

To this end we define the single-target likelihood as a Gaussian SDV model,
such that

gk (z|z) = N(2;Cz,%(2)), (7.24)

where N (z; Cz,X(z)) is a Gaussian function evaluated in z, centred in Cz
and with covariance matrix X(z). C is defined as

[ D Ouy . [100
C_[02x4 I }’ WlthD_[OOl}

and 0, x; is the a X b zero matrix. ¥(z) is a diagonal covariance matrix, defined
as

diag(S(x)) =

[O'm(u-) Oy ()

> Wy, 5 h1;70'm(w)ww70'm(h)hz:|.

Note that the SDV models described in Eq. (7.23) and Eq. (7.24) do not al-
low a closed-form solution of the PHD filter recursive equations (Eq. 7.17 and
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Eq. 7.19). They require an algorithm such as the particle PHD that can han-
dle generalised state-space models. In order to use GM-PHD [18] with SDV,
an approximation based on the extended Kalman filter or on the unscented
transformation is necessary [17]. The other functions that define the PHD
recursion are defined below.

7.6.2 Birth and clutter models

In the absence of any prior knowledge about the scene, one can assume that
the missing detection probability, Py (z), the probability of survival, ey —; (),
and the birth intensity v («) are uniform over x. To this extent, we decompose
i () as

where § is the average number of birth events per frame and b(x) is the
probability density of a birth that we take to be uniform on the state space.
Similarly, we define the clutter intensity x;(z) as

ki (2) = 7e(z),

and we assume the clutter density ¢(z) to be uniform over the observation
space. In Chapter 8 we will generalise birth and clutter models to non-uniform
ones so that we can account for scene contextual information.

7.6.3 Importance sampling

In order to complete the definition of the particle PHD filter recursion we
need to design the importance sampling functions for the Monte Carlo ap-
proximation. On the one hand, L;p_; old particles are propagated, as in
CONDENSATION [11], according to the dynamics (i.e. qx(.|.) o< frjr—1(.].))-
On the other hand, drawing the J; new-born particles is not straightforward,
as the tracker should be able to reinitialise after an unexpected lost track or
target occlusion.

When prior knowledge of the scene is available, the samples could be drawn
from a localised 74 (.). However, no target birth would be possible in state
regions with low ~;(.), as no particles would be sampled in these areas.

When no prior knowledge is available, drawing from a uniform non-
informative ~;(.) (as in the one we use) would require too many particles
to obtain a dense sampling in a 6D state space. To avoid this problem, we
assume that the birth of a target happens in a limited volume around the
measurements; thus we draw the J; new-born particles from a mixture of
Gaussians centred on the components of the set Z;.



152 MULTI-TARGET MANAGEMENT

Hence, we define the importance sampling function for new-born targets
pk(-‘Zk) as

(@) Zy) = Z N(z;[2,0,0], S (2)), (7.25)

zEZ

where the elements of the 6 x 6 diagonal covariance matrix 3, are proportional
to w, and h., and are defined as

dlag(zb (Z)) = [ab,uwzy Op,u Wz, Op v hZ7 Op,0 h27 OpwWz,0b,h hz] .

Although drawing new-born particles from Eq. (7.25) allows dense sampling
around regions where a birth is possible, the particle PHD recursion is also
influenced by the resampling strategy used to select the most promising hy-
potheses. In the next section we discuss the resampling issues for the particle
PHD filter that accounts for the different nature of the particles.

7.6.4 Resampling

At each iteration, J, new particles are added to the old Ly_; particles. To
limit the growth of the number of particles, a resampling step is performed
after the update step. If classical multinomial resampling is applied ([14,
32]), then Lj particles are resampled with probabilities proportional to their
weights from

(i) Li+Jk
{wk [ Mgy, }i:1 ’

where M, K|k is the total mass. This resampling procedure gives a greater chance
of tracking hypotheses with high weight to propagate, thus pruning from the
set unlikely hypotheses.

L, is usually chosen to keep the number of particles per target constant.
At each time step, a new Lj; is computed so that L, = pMkVC. Hence the
computational cost of the algorithm grows linearly with the number of targets
in the scene.

After resampling, the weights of

{of) a1}

i=1

are normalised to preserve the total mass.
Although multinomial resampling is appropriate for a single-target particle
filter, this strategy poses a series of problems when applied to the PHD filter.
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The prediction stage of the PHD (Eq. 7.17) generates two different sets of
particles:

e The L;_; particles propagated from the previous steps to model the
state evolution of existing targets, with weights proportional to w,(:ll.

e The remaining J;, particles modelling the birth of new targets, with
weights proportional to the birth intensity 7 (.).

For multi-dimensional state spaces where birth events are very sparse (i.e.
low 7%(.)), the predicted weights @'
several orders of magnitude smaller than the weights of the propagated par-

ticles. In this case, as the probability of resampling is proportional to (.D,(J)

,i|3<:—1 of the new-born particles may be

and thereby to ‘:’18\2—17 it is possible that none of the new-born particles is
resampled and propagated to the next step. Although the approximation of
the PHD is still asymptotically correct, the birth of a new target also depends
on combinatorial factors. Furthermore, when one or a few new-born particles
are finally propagated, the PHD is not densely sampled around the new-born
target, thus reducing the quality of the spatial filtering effect. Increasing the
number of particles per target p, is not effective as the value of p should be
very large and comparable with 1/ (.).

To overcome this problem, a multi-stage pipeline can be constructed that
resamples the new-born particles independently from the others. The idea is
to separately apply multinomial resampling to the new-born particles by seg-
regating them for a fixed number N; of time steps. In this way one allows the
weights to grow until they reach the same magnitude as those associated with
particles modelling older targets. This multi-stage multinomial resampling
strategy for the particle PHD filter is summarised by the Algorithm pseudo-
code. Figure 7.5 shows an example of the multi-stage resampling pipeline when
N, = 3.

The multi-stage multinomial resampling preserves the total mass of whole
set of particles Mk|k (this is a requirement of the PHD filter), as it preserves
the total mass of the particles in each stage (see Step 7 and Step 11 of the
Algorithm pseudo-code).

As we model proposal density

Dk (f;(;) |Zk->

of the new-born particles with a mixture of Gaussians centred on the obser-
vations (Eq. 7.25), we can take
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Before resampling: Ji L/k(1
() (i) Bt 3 2 | stage1
{w’(“)’xl(“)}'ﬂ ! °
= |

After resampling:

. Y L
)
{wk 7:1:]6 }i:]_

Figure 7.5 Schema of the multi-stage resampling strategy for the particle PHD
filter (three-stage case). The J; particles that model the birth of new targets are
resampled separately from the older particles for a fixed number of time steps.
IEEE © [33)].

where 7 is the number of new-born particles per observation. The overall
computational cost of the algorithm now grows linearly with the number of
targets X, and linearly with the number of observations Zj.

7.6.4.1 Example In order to compare the multi-stage resampling strategy
with the standard multinomial resampling, we analyse the statistics of the
delay in the response of the filter produced by the resulting Monte Carlo ap-
proximations. To ensure that the difference is generated by the resampling
only, we produce a synthetic scenario where the targets move according to
the model described in Section 7.6.1. We fix one target in the centre of the
scene and then we generate new targets uniformly distributed over the state
space and according to a Poisson process. The two components of the speed
of the new targets are uniformly drawn over the ranges [—4o0p 4w, 40} 4w, ]
and [—4oy o h., 40, 3h.], respectively. This also produces targets in regions
of the state space with low density of new-born particles (Eq. 7.25). We
collect the measurements Zj; for 1000 synthetic targets. We then give the
measurements as input to the approximated PHD recursions using the two
resampling strategies.

Table 7.1 shows the statistics related to the time delay in validating the
new-born targets (expressed in frames), and the percentage of never-detected
targets with respect to the speed ranges expressed as ratios between speed
and object size. Higher ratios are associated with regions of the state space
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Algorithm Multi-stage multinomial resampling
. . Ly _1+J; . . L
(o ) )
if £k =0 then
S =0 Vi=1,...N,
else if k£ > 1 then
Sy, = Sv, -1+ Jk
Compute the stage mass M; = Zfll o
Compute the number of particles S; = M, p

inomi 0 g #0010
Multinomially resample {&;k /My, &, }

{w,(f) = 1/J\>[1,x§€i)}

" to get
=1

S1

i=1

8: for j =2: N do )
9: Compute the stage mass M; = Zfisj,1+1 o)
10: Compute the number of particles S; = S;_1 + max{M,p, S; —S;_1}
IO F
11: Multinomially resample {A‘%, igj)} to get
/ i=Sj_1+1
- S
() _ My <i)} j
{wk 550 Tk i=5; _1+1

12: end for

13: Ly = SVNS

14: Si =51 45

15: Si:§i+1 Vi=2,...Ns —1
16: end if

where filtering is more difficult as the density of sampled particles (Eq. 7.25)
is lower. Also, faster targets are more likely to leave the scene before the
PHD filter manages to produce a target birth. The standard deviation of the
filtering delay (Table 7.1) shows that the multi-stage resampling strategy has
a beneficial effect in stabilising the behaviour of the filter (lower standard
deviation). The higher average delay produced by multinomial resampling is
due to those situations where none of the new-born particles is propagated to
the next timestep. This is also confirmed by the higher percentage of missed
targets produced by multinomial resampling.

A comparison between the multi-stage resampling strategy and the stan-
dard multinomial resampling is shown in Figure 7.6. The left column shows
a delayed target birth (box) caused by the standard multinomial resampling.
In this situation, dense sampling is made more difficult by the fast motion
of the vehicle. Note that 30 frames of consecutive coherent detections are
not enough to validate the target. Furthermore, when the first particles are
resampled and propagated, the filtering result is poor due to the low num-
ber of samples available. Figure 7.6, right column, shows how the multi-stage
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Table 7.1 Comparison of filtering response
statistics between the standard multinomial
resampling and the multi-stage multinomial
resampling. The lower the initialisation delay
and the missed targets percentage, the better.

Initialisation delay

Multinomial Multi-stage

Avg 11.2 5.1

Std dev 10.5 3.8

Missed targets %

Speed ratio Multinomial Multi-stage
0-0.05 23.8 9.9
0.05-0.1 29.4 8.7
0.1-0.15 45.6 16.2
0.15-0.2 50.0 27.5
0-0.25 37.2 14.8

resampling strategy improves the quality of the PHD approximation when new
targets appear in the scene. The multi-stage multinomial resampling that uses
the same birth intensity validates the track in four frames only, despite the
motion of the target.

7.6.5 Particle clustering

After the resampling step, the PHD is represented by a set of weighted par-
ticles

7 7 L v
{2} (7.26)

i=1

defined in the single-target state space.

An example of PHD approximated by particles is shown in Figure 7.7.
The peaks of the PHD are on the detected vehicles and the mass Mklk: ~3
estimates the number of targets. The local mass of the particles is larger where
the tracking hypotheses are validated by consecutive detections. Note that
although the set of particles carries information about the expected number
of targets and their location in the scene, the PHD does not hold information
about the identity of the targets. A clustering algorithm is required to detect
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Figure 7.6 Sample tracking results using multinomial and multi-stage multi-
nomial resampling (CLEAR-2007 dataset, sequence 102a03, frames 1354, 1359, 1385
and 1402). The multinomial resampling (left column) delays the initialisation of the
track and introduces an error in the state estimation due to the low number of avail-
able samples. These behaviours are corrected by the multi-stage resampling strategy
(right column). IEEE © [33].
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Figure 7.7 Visualisation of the particles approximating the PHD (before resam-
pling) on the frame at the top when the vehicles are the targets (red boxes: input
detections; green boxes: cluster centres). The PHD filter associates a cluster of par-
ticles (blue dots) with each target. The particle weights are plotted against the
particle positions. The cumulative weight estimates the average number of targets
in the scene. IEEE © [33].

the peaks of the PHD. These peaks define the set of candidate states

X = {Zn1, -~-57k,z\71(k)}

of the targets in the scene and are the input of the data-association algorithm.
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The information carried on by X}, is richer than that carried on by the
original set of detections Z, as the elements of X are filtered in space and
time by the PHD and include an estimate of the target velocity. Further
information is also carried on by the total mass M, K|k estimating the expected

number of targets in the scene. However, Mk|k may be composed of several
clusters of particles with masses smaller than 1 and therefore the real number
of clusters may be larger than Mk|k.

To avoid underestimating the number of clusters, a top-down procedure
[33] based on Gaussian mixture models (GMM), and inspired from the method
applied by Vo et al. [17] to prune the components of the GM-PHD estimate,
can be used. This procedure accounts for the new set of particles associ-
ated with target births, and updates the cluster parameters by means of an
expectation maximisation (EM) algorithm. The intuitive reason for using
Gaussian Mixture Model (GMM) is that both state dynamics and observation
models are Gaussian, and therefore the clusters of particles also tend to be
Gaussian-distributed.

The procedure works as follows: first, the set of clusters obtained at the
previous step, k — 1, is augmented with new clusters initialised on the ob-
servations to model candidate new-born targets. Next, a hypothesis test is
conducted to discard new clusters that are similar to old ones. The param-
eters of the remaining clusters are optimised by running EM on a set of
Ly = paur M;dk particles multinomially resampled [32] from

i) L
{w’(")/MMk’x’({)}i:l '

Resampling is performed to obtain particles with uniform weights and also
to reduce the computational cost of the EM recursion. After convergence, we
discard small clusters (with mass below a threshold H) as they are usually as-
sociated with disappeared targets. Finally, we merge similar clusters according
to a criterion based on hypothesis testing [17].

Let us define the parameters of the GMM at time & as

Or = {1, Th1s Bk s - s T No s TN, > 2k Ny 1o

where 7, ; is a weight coefficient of the mixture, z; ; is the cluster centre,
Yk, is the covariance matrix and N, is the number of clusters at time k.
Given the cluster parameters ¥, _1 at k — 1, the observation Z; and the set
of particles

. N L
{w,il) y 1'1(:> }Z:Al )

the clustering procedure that outputs the new set of clusters 65 and the set
of states X, is detailed in the Algorithm box.
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Algorithm Particle clustering

Ly, _
1} — {0, X}

{ﬁkla Zk, {w](j)7x§:)}

Ly, ~ L

(i) i ; ; k

1: Multinomially resample {A?W ,zl(ct)}. to get {@](c") — ]‘[L%,j;](cz) }7-_1
i i—

2: Yz € Z, initialise a new cluster {1/Ny, iz, 0,0],%;(2)} and add it to In

3: V clusters ¢; = {Z;,%;} € Jy compute hypothesis test that Z,_1,; € ;1
is in the 99th percentile of ¢;, and remove ¢; from ¥y if 3i| the test is
positive ~

4: Add the clusters to 9;_; and, to obtain ), run EM till convergence on
the particles obtained at step 1

5. Prune from 15;C the small clusters with 7 ; < H

6: Merge similar clusters (with the procedure defined in [17]) thus obtaining
O

7. Compute the cluster centres X; according to Xy = {Zy,,i=
1,... Nc,k|7rk,z'Mk|k <Ty}

7.6.6 Examples

The PHD can be used as a stand-alone algorithm to estimate the number
of targets in the scene and their position (via clustering). However, its most
common use is as a pre-processing step before data association. In this sec-
tion we analyse partial and final tracking results with two different detectors,
namely a change detector and a face detector.

Sample results of the PHD filter used to process the output of the change
detector are shown in Figure 7.8. In this challenging situation generated by a
sudden change in illumination, although the target size accuracy is not perfect,
the heavy clutter is filtered by the smoothed values of the PHD (Figure 7.8(a)-
(c)). Furthermore, Figure 7.9 shows the comparison between the multiple
target tracker based on the PHD filter (PHD-MT) with a multiple target
tracker (MT) that performs data-association directly on the measurement Zj.
In both cases the data-association algorithm is a sliding-window multi-frame
graph-matching procedure, as the one described in Section 7.3.2. In cases
when a target generates noisy observations, the spatial smoothing produced
by the PHD filter facilitates data association preventing an identity switch
on the same target (Figure 7.9, third row, the pedestrian in the centre of
the scene).

To demonstrate the flexibility and modularity of the proposed multi-target
framework, we show the results obtained when substituting the change detec-
tor with a face detector [31]. Figure 7.10 shows a comparison of the results
obtained with and without the use of the PHD filter on the detected faces.
When false detections are processed, the mass of the PHD starts growing
around them. Multiple coherent and consecutive detections are necessary to
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Figure 7.8 Comparison of tracking results on an outdoor surveillance scenario
between raw object detections (colour-coded in red) from a background subtraction
module and PHD filter output (colour-coded in green). Several false detections are
filtered by the PHD (b, ¢, d). IEEE © [33].

increase the mass to a level greater than T, . In fact the mass of the particles
around a target initially depends on the birth v, (.) (see Egs. 7.17 and 7.21).
Then, if the detections are temporally coherent with the transition and ob-
servation models defined by the two functions ¢y (z,§) and ¥y .(x) the
mass approaches a value of 1. The clutter model ki (z) instead counteracts
the increase of the mass (see Eqgs. 7.19 and 7.22). For this reason, when the
clutter is not persistent, the PHD filter removes it. As mentioned earlier, due
to the trade-off between clutter removal and response time, the drawback of
this filtering is a slower response in accepting the birth of a new target.

In addition to the above, Figure 7.11 shows how the combination of PHD
filtering with the graph-matching-based data association is able to recover the
identity of faces after a total occlusion: in the third and fourth row, although
a face is occluded by another person, data association successfully links the
corresponding tracks. Finally, the results of PHD-MT compared with MT
shows that two false tracks on the shirt of one of the targets are removed by
the PHD-MT only.

Further results and discussions are available in Section A.4 in the Appendix.
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Figure 7.9 Comparison of tracking results between the multi-target tracker with
(PHD-MT) and without (MT) PHD filter. (a) MT results. (b) PHD-MT results.
False tracks due to clutter are removed by PHD-MT. IEEE (© [33].
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Figure 7.10 Comparison of tracking results in a face-tracking scenario between
raw object detections (colour-coded in red) and PHD filter output (colour-coded in
green). Several false detections are filtered by the PHD (a, b, c¢). IEEE © [33].

7.7 SUMMARY

In this chapter we discussed the problem of tracking a time-variable number
of targets in a video. We first introduced three data-association methods that
address different tracking challenges such as target initialisation and termi-
nation, clutter, spatial noise and missing detections. The second part of the
chapter was dedicated to a novel tracking paradigm based on random finite
set (RFS) and the probability hypothesis density (PHD) filter. We discussed
how to adapt a filter based on RFS to real-world video-tracking scenarios.

Unlike the single-target particle filter, the multi-target PHD filter generates
particles with two different purposes:

® to propagate the state of existing targets

® to model the birth of new ones.
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Figure 7.11 Comparison of tracking results between the multi-target tracker with
(a) and without (b) Particle PHD filtering. The tracker with the PHD filter suc-
cessfully recovers the faces after a total occlusion, without generating false tracks.
IEEE © [33).
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A multi-stage resampling strategy accounts for the different nature of the

particles and, compared to the multinomial strategy improves the quality of
the Monte Carlo estimation from a tracking perspective. As for the dynamic
and observation models, state dependent variances (SDV) are used to account
for the size of the targets. These models are not limited to the PHD recur-
sion and can be implemented in any Bayesian recursive algorithms that can
handle SDV.

In the next chapter we discuss how to introduce contextual informa-

tion in the tracking framework by learning mixture models of clutter and
birth densities.
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CONTEXT MODELING

8.1 INTRODUCTION

In the previous chapters we discussed algorithms that operate independently
from the scene context in which the objects move. As the behaviour of the
objects depends on the structure of the scene, there is additional contextual in-
formation that can be expolited to improve the performance of a video tracker.

Contextual information can be acquired as an external input or can be
learnt online by the tracker itself based on observations. One can receive
information from an external source, such as maps (geographical information),
or from scene annotation (i.e. the position of doors, traffic lights and trees).
The data related to scene annotation can be either gathered automatically
by means of image segmentation and object classifiers, or it can be provided
interactively by the user. Moreover, the result of the tracker itself can be
used to estimate contextual information by inferring the position of contextual
object from the analysis of the trajectories. This estimation can be either fully
automatic or can be generated interactively through (limited) user interaction.

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 169
© 2011 John Wiley & Sons, Ltd
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Figure 8.1 Context as information source for video tracking.

In this chapter we address the question of how to define or to learn the
scene layout and in turn to help the tracker (Figure 8.1). In particular, we
discuss how to use information about the scene to reduce the uncertainty in
the state estimation.

8.2 TRACKING WITH CONTEXT MODELLING

8.2.1 Contextual information

Figure 8.2 shows two examples illustrating areas of the field of view of the
cameras that are characterised either:

e by entry and exit areas (where the track will either start or finish) that
are associated to the initialisation and the termination of a track, re-
spectively, or

Clutter area /| Entry/exit area

Figure 8.2 Example of contextual information to be used by the tracker. Image
regions where clutter events (blue) and target birth events (violet) are likely to
happen. Unmarked images from i-Lids (CLEAR 2007) dataset; reproduced with
permission of HOSDB.
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¢ by clutter areas (where vegetation is likely to generate false targets or to
hide real targets).

These areas, if known, can be used to modify the behaviour of the tracker itself.

An interesting property of the RFS framework described in the previous
chapter, and consequently of the PHD filter, is that it can use scene contextual
information by allowing state-space-dependent models of birth and clutter [1].
The PHD filter can account for scene context by varying its filtering strength
according to the hypothetical state of a target. This is possible as the birth
intensity 7;(x) may depend on the state x and the clutter intensity sy (z)
may depend on the observation z. The acquisition of event and clutter
information for intensity learning can be based on the analysis of the output
of the tracker and of the detector, as discussed in the following sections.

The goal is to extract meaningful information that is representative of the
densities of interest (e.g. birth and clutter) in order to estimate them and
to introduce dependencies on the state and observation spaces. This is par-
ticularly relevant to real-world tracking as the intensity of birth and clutter
events usually depends on the field of view of the camera. With reference to
Figure 8.2, in image areas where new targets are likely to appear, the target
birth model should account for spatial variability in the scene and allow the fil-
ter to reduce temporal smoothing over these locations. Likewise, the strength
of the filtering should be increased in image areas where a detector based on
background subtraction is expected to fail (e.g. on waving vegetation). For
these reasons, the density of a birth and clutter event should depend on the
scene contextual information.

8.2.2 Influence of the context

As considering spatial dependencies requires the introduction of additional
parameters in the filter, the complexity is usually limited either by working
with synthetic data, whose model matches exactly that used in the filter [2],
or by using uniform distributions [3-6]. The latter case leads to a filter that is
independent from the scene context. This is a common solution in many multi-
target tracking algorithms and data-association methods (see Chapter 7) that
assume that targets may appear everywhere in the scene with uniform prob-
ability and that the detectors may produce errors uniformly in any positions
in the image.

The PHD filter and the full multi-target Bayes filter can validate in space
and time the output of an object detector (see Section 7.5). The propagation
model defined in Eq. (7.17) and Eq. (7.19) offers several degrees of freedom
that help to tune the filtering properties depending on the tracking scenario
at hand. As mentioned above, a simple solution to model clutter and birth
intensities is to consider v (z) and ki (z) uniform in x and z, respectively.
In this case, the absolute values of the intensities representing the average
number of birth and clutter events per frame are the only parameters to
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Figure 8.3 Examples of failures of a PHD-based tracker that uses uniform birth
and clutter intensities on the Queensway scenario (QW) of the CLEAR-2007 dataset.
The use of uniform densities leads to insufficient filtering that results in a false track
on the number plate of the car (a) and (b) and on excessive filtering that results in a
missed target (black car) (c¢) and (d) (red: detections from a background subtraction
algorithm; green: the PHD output). IEEE © [1].

choose. However, targets tend to appear in specific locations of the image.
Likewise, detection errors are more likely to occur in some areas of the image.
For this reason, solutions that require a compromise between the various image
regions may produce suboptimal results. For example, the filtering can be
either too strong or too weak:

e If it is too stong, then correct detections are filtered out. Figure 8.3(c)
and (d) shows an example of results where filtering is too strong. A car
in the far field is detected for a few frames. Although the probability of
appearance of a vehicle is high in that image region, the PHD filters out
the detections, thus losing the track.

e Ifit is too weak, then persistent clutter is not removed. Figure 8.3(a) and
(b) shows an example of PHD-based tracker results where the filtering
is too weak. Spatially consistent detections caused by an illumination
change are produced by the number plate of the car. Although this
object is in a position where a new target is unlikely to be born, the
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filtering effect of the PHD is not strong enough and the tracker generates
a false track.

We therefore need to learn an appropriate space-variant intensity model for
birth and clutter.

8.3 BIRTH AND CLUTTER INTENSITY ESTIMATION

Learning intensity functions reduces to a density estimation problem by de-
composing the birth and clutter intensities, vy (z) and ki (z), as

Y (x) = Sppr (2]D), (8.1)
and
ki (2) = Trpr(zlc), (8.2)

where 5, and 7 are the average birth/clutter events per frame and py (|b)
and py(z|]c) are the birth/clutter event distributions defined over the state
and observation spaces, respectively. For simplicity, we assume that the two
intensities are stationary and therefore we drop the temporal subscript k.
We can include this information in the PHD filtering model by computing
approximated versions of 3, 7, p(z|b) and p(z|c).

The computation of § and 7 simply requires the cardinality of the event
training sets and it is computed as the average over all the frames; p(z|b) and
p(z|c) instead require density estimation in 6D and 4D spaces, respectively.

In the next part of this section we will describe how to tune the filter by
learning non-uniform models of birth and clutter densities.

8.3.1 Birth density
For the estimation of the density p(z|b) of Eq. (8.1), evidence of birth events

Xy = {ap )M

representing the initial locations, sizes and velocities of the objects appearing
in the scene is collected based on an analysis of the tracker output (see Figure
8.4) according to the following set of rules:

e As long trajectories with a coherent motion are unlikely to be generated
by clutter, we use their initial state to model birth events. We add to the
set of birth states Xj all the starting positions from trajectories whose
lifespan is longer than a certain minimum period (e.g. 3 seconds for a
typical outdoor surveillance scenario).
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Figure 8.4 Learning strategy used to estimate the probability distribution of
birth events.

e To remove trajectories generated by localised persistent clutter, we
consider only objects that exhibit an average speed of at least a few pixels
per second (e.g. 2 for a surveillance scenario with image sizes of 720 x 480
pixels) and whose product between the trajectory time span and speed is
not negligible (e.g. larger than 10 pixels for a surveillance scenario with
image sizes of 720 x 480 pixels). This last condition accounts for the fact
that slower targets remain visible for longer. Note that the thresholds
are defined in terms of seconds to provide independence from the
frame rate.

Figure 8.5(a) shows the centroids of the birth event states obtained from the
analysis of a 20-minute surveillance video clip. Clusters are mainly localised
on the road and on the pavements. Note that birth events are also generated
in non-entry areas because of track reinitialisations due to object proximity
and occlusions.

To estimate p(z|b), one can use a semi-parametric approach.'> We ap-
proximate the distribution with mixture-of-Gaussian components that can be
expressed as

p(x|b) ~ p(z|¥) = Z Tom P (2]0,),  with Z T = 1, (8.3)

m=1

12The advantage of using a semi-parametric approach is the compactness of the represen-
tation, compared with non-parametric approaches, as we do not need to store the original
data used to compute the parameters.
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Figure 8.5 The violet and blue dots superimposed on a sample image from the
Broadway church scenario (BW) (CLEAR-2007 dataset) show the locations where
target birth events (a) and clutter events (b) happened. IEEE © [1].

where

192{7T1,...,7T]u,1917...,19]\4}

is the set of parameters defining the mixture. M is the number of
components and

pm(xl’l?m) = N(xnum)Em)
is the mth Gaussian component with parameters

’Lgm = {Mm 5 Em }

it and X, are the mean and covariance matrix of the mth Gaussian,
respectively.

The goal is to find the optimal set ¥);4p that maximises the log-
posterior as

Oniap = argmax {log p(X,|?) + log p(¥)} . (8.4)

Starting with a large number of components, the algorithm converges towards
the maximum a posteriori (MAP) estimate for ¢ by selecting the number of
components necessary for the estimation using the Dirichlet prior

M
p(0) o IT m”, (8.5)
m—1

where 7 = N/2 and N is the number of parameters per component in the
mixture.
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In the Dirichlet distribution, 7 represents the prior evidence of a compo-
nent. When 7 is negative (i.e. improper Dirichlet) the prior allows for the
existence of a component only if enough evidence is gathered from the data.
The prior drives the irrelevant components to extinction, thus favouring sim-
pler models.

Although a good MAP solution can be reached by using the Expectation
Maximisation (EM) algorithm [7], an online recursive procedure is prefer-
able [8], as it allows one to refine the estimate with low computational cost
once additional data become available.

Given the MAP estimate 9(") obtained using n data points

{«®, .. 2y

and the new data z("*1) we obtain the updated estimate 9("*1) by first
computing the ownerships
0(7L)(,’L‘("+1)) — 7T7(T7Lz)pm (x('rH—l)|19£772L))/p($(n+1)W(n)) (8.6)

m

and by then updating the parameters as

() (.(n+1)
n n Om (‘T ) n T
LA _777(n>+a< T Tl 1_M7a>’ (87)

for a Gaussian mixture with

Pm (x|7~9m) = N(‘rvﬂmvzm)

then
(n) (.(n+1)
n n Om (T n n
pi Y =)+ 0‘% (a0 =) 59
Tm
(n) (,.(n+1)
n n Om (I )
St =5 o G
(@0 = W)@ =) - B0) (89)

where o determines the influence of the new sample on the old estimate. A
component m is discarded when the weight 1J,, becomes negative.

Although mixture-of-Gaussian components may produce a good approxi-
mation of the underlying distribution using a small number of parameters,
the final result may not be appropriate for tracking. In fact, at initialisation,
when no prior information is available (i.e. n = 0), it is difficult to obtain a
uniform distribution by mixing Gaussian components only.

As a solution, either we initialise ¥, with large values, or we distribute
a large number of components in the data space. Both approaches result
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Figure 8.6 Example of online learning of the birth density p(z|b) for the Broad-
way church scenario (BW), CLEAR-2007 dataset. The birth events used for density
estimation are displayed in Figure 8.5(a). Although p(z|b) is defined in a 6D state
space, for visualisation purpose we show the information related to the 2D position
subspace only (u,v). Left column: evolution of the birth density model with the
number of samples processed. Right column: corresponding evolution of the GMM
components. IEEE © [1].
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Figure 8.7 Typical scenario where a dynamic occlusion may require track reini-
tialisation far from the typical target entry and exit areas. The white van at times
occludes more than 50% of the view of the pedestrians. Eventually, target detection
failures may cause lost tracks. Images from the PETS-2001 dataset.

in a slower learning process. Moreover, after training, the probability of an
event far from the centre of the Gaussian tends to zero. If a birth or clutter
event happens in these regions, then the tracking algorithm is likely to fail. A
typical example of this problem is given by birth events generated by dynamic
occlusions such as the ones shown in Figure 8.7. In this case, to avoid a lost
track, a birth should be possible and the filter should include a delay before
validating the object again.

To overcome this problem, we use a non-homogeneous mizture composed
of a uniform component, u(z), and the GMM of Eq. (8.3). We approximate
p(z|b) with

p(z|b) = myu(z) + myp(z]d), (8.10)

where
u(zx) = Vrect (x),

V is the volume of the space, and 7, and 7, are the weights associated with
the uniform component and with the Gaussian mixture.
We set at initialisation:

* 7, =1 and m; = 0 so that we have an uninformative initial estimate

e 7, = 1073 as the minimum value that 7, can get during learning.

Given this constraint, the algorithm refines p(x|b) in a hierarchical fashion
as follows:

® Use maximum likelihood (ML) to compute 7, and 7, (i.e. Eq. (8.6) and
(8.7) with 7 = 0).

e Update 9 independently from 7, according to Egs. (8.6)-(8.9).
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This approach introduces a bias in the estimate of the weights as the own-
erships of Eq. (8.6) are computed using 7, and not 7, x m,. However, the
update step of 7, and X,, does not depend on m,, (i.e. m, simplifies by sub-
stituting Eq. (8.6) into Eq. (8.8) and Eq. (8.9)), and in practice with localised
distributions and large n m, < 7y, thus the bias tends to reduce with the
amount of data available.

To learn the birth intensity from X,, we initialise a grid of 12 x 10 6D
Gaussians equally spaced in the 2D position subspace and centred on zero
speed and on the objects’ average size. The choice of the number of Gaussians
depends on the complexity of the scene. However, as the components are
selected by the Dirichlet prior (Eq. 8.5), we only need to overestimate the
number of entry regions.

Figure 8.6 shows the evolution of the learning of p(x|b) when additional
data become available. The Dirichlet prior reduces the weight of the
modes that are not supported by sufficient evidence. After processing
320 trajectories (Figure 8.6, last row, and Figure 8.8(a)) the peaks modelling
the entry regions are clearly visible. Two major peaks correspond to areas over
the road where vehicles appear. Smaller peaks are visible on the pavements.
The remaining components of the mixture model birth events caused by
track reinitialisations.

8.3.2 Clutter density

The procedure for the estimation of the clutter intensity pi(z|c) for Eq. (8.2)
is similar to that of the birth intensity described in the previous section. How-
ever, unlike the estimation of birth intensity, the collection of the detections Z,.

(a) (b)

Figure 8.8 Learned intensities for the Broadway church scenario (BW) from the
CLEAR-2007 dataset superimposed on the original images. (a) Birth intensity (note
that the major modes are associated with entry areas). (b) Clutter intensity (note
that waving vegetation produces clutter that is correctly modelled by the GMM).
IEEE © [1].
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Figure 8.9 Learning strategy used to estimate the probability distribution of clut-
ter events.

due to clutter is not performed using the tracker output, as short trajectories
could also be generated by tracking errors on real objects.

Figure 8.10 shows an example of a flickering detection (and trajectory)
on a small target. We use an interactive approach (see Figure 8.9) to select,
in randomly displayed frames, the detections that are not associated with
objects of interest. Figure 8.11 shows sample detections marked as clutter
and Figure 8.5(b) displays the centroids of the clutter data collected on a
real-world surveillance scenario. Most of the clutter is associated with waving
vegetation. A few false detections are also associated with high-contrast
regions due to shadows.

Given the sets of events

Z, = {zc,i}iAiﬂlv

representing the locations and sizes of the cluttered observations, we learn the
clutter intensity by initialising a grid of 16 x 14 4D Gaussians equally spaced

Figure 8.10 Example of inconsistent detections interpreted by a PHD filter as
clutter and therefore removed. Simple heuristics cannot differentiate these data from
real clutter (red: observations; green: output of the PHD filter). IEEE (© [1].
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Figure 8.11 Sample detections that are marked interactively as clutter and then
used for density estimation. IEEE © [1].

in the 2D position subspace and centred on the objects’ average size. Because
clutter data can be concentrated around small volumes of the observation
space, we use a larger number of Gaussians than in the birth case to allow for
higher spatial resolution.

Figure 8.12 and Figure 8.8(b) show an example of clutter density learned
using 1800 false detections collected with user interaction on the results from
the scenario Broadway church scenario (BW) (CLEAR-2007 dataset). The
peaks of the probability distributions (in violet) correspond to areas of the
image where waving vegetation generates a large number of false detections.

8.3.3 Tracking with contextual feedback

Figure 8.13 shows a block diagram of the overall tracking framework with
context modelling.

Figure 8.14 shows sample results where contextual feedback improves the
PHD filter performance. In this same scenario high birth intensity (i.e. weak
filtering effect) is applied to the entry regions. This allows for correct detection
and tracking of a fast car in the camera far-field. Similar considerations are
valid for the clutter model. When clutter is localised, the GMM-based density
estimation introduces further degrees of freedom for filter tuning. Further
results and discussion are available in Section A.5 in the Appendix.
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Figure 8.12 Example of online learning of the clutter density p(z|c) for the
Broadway church scenario (BW) from the CLEAR-2007 dataset. The input clut-
ter events used are displayed in Figure 8.5(b). Although p(z|c) is defined on a 4D
observation space, for visualisation purpose we show the information related to the
2D position subspace only (u, v). Left column: evolution of the clutter density model
with the number of samples processed. Right column: corresponding evolution of the
GMM components. IEEE © [1].
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Figure 8.13 Multiple-target tracking scheme based on object detection and on
particle PHD filtering. The PHD filter removes spatio-temporal noise from the obser-
vations before the tracker performs data association. Also, the output (Z) gathered
by the detector and by the tracker (X} ) is used to extract statistics on the detector
failure modalities (k(z)) and on the object entry areas in the scene (y(z)). The PHD
filter uses this feedback to improve the tracking performance.

Figure 8.14 Filtering results of the particle-PHD filter using learned clutter and
birth intensities (GM) on the same data as Figure 8.3(c) and (d). Top row: tracker
output. Bottom row: the detections from a background subtraction algorithm are
colour-coded in red and the PHD output is colour-coded in green. The filtering
strength is modulated by the Gaussian mixture birth and clutter models. Weak
filtering near an entry zone allows tracking the black car in the far-field.
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8.4 SUMMARY

This chapter discussed the importance of context modelling for tracking and
demonstrated how to learn contextual information using a combination of
automated and interactive feedback from the tracker and the detector. This
feedback is used to improve the accuracy of the overall detection and tracking
results.

The natural modelling capabilities of the Bayesian multi-target tracking
framework are used to locate where objects are more likely to appear in the
scene (birth events) and where the detector is expected to produce errors (clutter
events). Birth and clutter data are used to learn incrementally two parametric
models (GMM). The PHD filter recursion uses these models to modulate the
filter response depending on the location of the candidate targets. The track-
ing performance improvement is due to two factors: (i) the definition of a
space-dependent birth model that allows the algorithm to increase the filtering
strength where targets are unlikely to appear in the scene and to reduce the
latency on real new born targets and (ii) the definition of a clutter model that
increases the filter strength in the presence of spatially localised clutter.
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PERFORMANCE EVALUATION

9.1 INTRODUCTION

The quality of a tracker depends on the task at hand and on the video content
itself. No single tracker technique is universally useful for all applications.
Moreover different trackers are not equally suited for a particular application.

Performance evaluation of video trackers involves comparing different
tracking algorithms on a database of image sequences that includes representa-
tive application-related scenarios. Common practices for evaluating tracking
results are based on human intuition or judgement (visual evaluation). To
avoid the subjectivity of visual evaluation, an automatic procedure is desired.
This procedure is referred to as objective evaluation. Objective evaluation
measures have attracted considerable interest [1-7] and are used for the final
assessment of an algorithm as well as for the development process to compare
different parameter sets of an algorithm on large datasets.

An effective evaluation of a tracker is important for selecting the most
appropriate technique for a specific application, and furthermore for optimally
setting its parameters. However, except for well-constrained situations, the
design of an evaluation protocol is a difficult task.

Video Tracking: Theory and Practice. Emilio Maggio and Andrea Cavallaro 185
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A performance evaluation protocol is a pre-defined procedural method for
the implementation of tracking experiments. It defines an evaluation method
to enable the comparison of the results obtained with different video track-
ers. The main items to define when designing an evaluation protocol are the
performance-evaluation scores, the dataset and, optionally, a ground truth:

® The performance evaluation scores quantify the deviation from the de-
sired result, the computational resources that are necessary and other
factors, such as, for example, latency in the generation of the tracking
results and the number of track losses.

® The definition of an appropriate dataset for video tracking is challeng-
ing as the data must have enough variability to cover the application
of interest so that the quality of the results on new data can be pre-
dictable. The recording (and the distribution) of a dataset is expensive
and time consuming. Initially, the lack and cost of storage and compu-
tational resources limited the collection, sharing and use of sufficiently
large datasets. More recently, privacy concerns have posed a barrier to
lawful recording and distribution of real-world scenarios.

e A ground truth is the desired tracking result, generated manually or by
the use of a gold-standard method. The generation of a ground truth is
a time-consuming and error-prone procedure. The cost associated with
the manual annotation of the dataset has limited the amount of data
that can be used for objective comparisons of algorithms.

These three elements of a performance-evaluation protocol and objective
evaluation strategies will be discussed in detail in the following sections.

9.2 ANALYTICAL VERSUS EMPIRICAL METHODS

The objective evaluation of a tracker may focus on judging either the tracking
algorithm itself or the tracking results. These approaches are referred to as
analytical methods or empirical methods, respectively.

Analytical methods evaluate trackers by considering their principles, their
requirements and their complexity. The advantage of these methods is that
an evaluation is obtained without implementing the algorithms. However,
because trackers may be complex systems composed of several compo-
nents, not all the properties (and therefore strengths) of a tracker may be
easily evaluated.

Empirical methods, on the other hand, do not evaluate tracking algorithms
directly, but indirectly through their results. To choose a tracker based on
empirical evaluation, several algorithms (or parameter sets for the same algo-
rithm) are applied on a set of test data that are relevant to a given application.
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The algorithm (or parameter set) producing the best results should be then
selected for use in that application.

Empirical methods can be divided into standalone and discrepancy meth-
ods. Empirical standalone methods do not require the use of a ground truth
[8,9]. These methods measure the ‘goodness’ of a video-tracking result based
on some quality criteria that can be defined about a trajectory. Examples of
quality criteria can be related to the smoothness of the trajectory or to the
verification of the consistency of results with time-reversed tracking [8].

Empirical discrepancy methods quantify the deviation of the actual result of
the tracker from the ideal result. These methods aim to measure the tracking
result compared to a reference result, the ground truth. The measures quantify
spatial as well as temporal deviations. Empirical discrepancy methods can be
classified into two groups, namely low-level and high-level methods:

e Low-level methods evaluate the results of a tracker per se, independently
from an application. For example, Video Analysis and Content Extrac-
tion (VACE) is a low-level empirical evaluation protocol (see Section
9.6.1.2).

e High-level methods evaluate the results of a tracker in the context
of its application. For example, Imagery Library for Intelligent De-
tection Systems (i-Lids) and Challenge of Real-time Event Detection
Solutions (CREDS) are high-level empirical evaluation protocols (see
Section 9.6.2.3 and Section 9.6.2.1, respectively).

The Evaluation du Traitement et de I'Interpretation de Sequences vidEO
(ETISEO) combines both low-level and high-level evaluation (see Section
9.6.2.2).

A summary of performance-evaluation strategies for video-tracking algo-
rithms is shown in Figure 9.1.

9.3 GROUND TRUTH

The ground truth represents the desired (ideal) tracking result, generated
either manually or by the use of a gold-standard tracking method. A ground-
truth can refer to different properties of the accuracy of the tracking results:

e The presence of the target projection on the image in a particular pizel
at a particular time (pixel-level ground truth)

e The value of the target state or subset of the state parameters at a
particular time (state-level ground truth)

® The time interval corresponding to the life span of the target.

The ground truth at pixel level is often approximated with a bounding box
or ellipse around the target area (see Figure 9.2). The ground-truth definition
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Figure 9.1 Taxonomy of performance-evaluation strategies for video-tracking al-
gorithms.

rules at pixel level generally also define how to treat partially non-visible
objects in the following situations:

e A target appearing in or disappearing from the field of view

e A target undergoing a partial or a total occlusion.

For example, the ground truth could be generated (or used in the evaluation
of the performance scores) only for frames when a target appears fully in the
field of view of the camera. In Section 9.7 we provide examples of datasets
with available ground-truth annotation.

Generating the ground truth at pixel and state level is considerably more
time consuming than generating it for the life span of the targets. To sim-
plify the ground-truth creation process at pixel (or at state level), a common
approach is to generate it on a subset of the total number of frames only, or
to define regions of no interest (no-care areas) where results are not expected
and therefore will not be annotated. Examples of no-care areas are portions
of the far-field of the camera (where objects are too small) or regions in the
image that are occluded by vegetation.

As the generation of ground-truth data is error prone, it is important to
assess the accuracy of the ground-truth data itself and, in the case of manual
annotation, the precision across different annotators. This information must
be used to assess the confidence level of the performance evaluation (i.e. of
the evaluation scores) based on this ground-truth data.

When multiple targets are simultaneously present in the scene, the target
labels in the ground truth do not necessarily correspond to the target labels in
the tracker estimation results. Therefore, unless a tracker has also recognition
capabilities (i.e. the ability to associate a unique pre-defined identity to each
object), an association step between ground truth and estimates is necessary.
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Figure 9.2 Example of ground-truth annotation at pixel level on standard test
sequences. Note the different approximation of the target areas (bounding box or
bounding ellipse) and the definition of the annotation in case of partial and total
occlusions. Images from: (a) and (b) SPEVI dataset; (c¢) and (d) Birchfield head-
tracking dataset; (e) and (f) i-Lids (CLEAR-2007) dataset reproduced with permis-
sion of HOSDB.

Let B = {by,...,by} be the set output of the tracking algorithm, where
b; is the output for the jth target, and B = {by,..., by} be the ground-truth
set. The elements of these sets can be:

e target bounding boxes at a frame k
® target trajectories

e target life spans.
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The association between ground truth and estimated data can be formulated
as an assignment problem. To solve this assignment problem methods such as
nearest neighbour and graph matching can be used, as discussed in Section 7.3.
Once the association is performed, the multi-target evaluation can be cast
onto multiple single-target evaluations using the scores discussed in the next
section.

9.4 EVALUATION SCORES

This section discusses evaluation scores that measure the quality of tracking
results. Different scores highlight different properties of the trajectory-
estimation errors. In particular, trajectory estimation can be seen either as
a localisation problem or as a classification problem. We will introduce the
evaluation scores for both scenarios and discuss their applicability.

9.4.1 Localisation scores

A straightforward solution to objectively compare different video-tracking
results is to compute the distance between the state estimate and the ground-
truth state for each frame. Particular care has to be taken when comparing
errors representing areas and when evaluating multiple-target trackers.

9.4.1.1 Single-target scores A simple measure of the error between the
state estimate = and the ground-truth state Z is the Euclidean distance, ds(.),
defined as

where D is the dimension of the state space E.
When it is desirable to assign a higher weight to large errors, one can
substitute the 2-norm with a p-norm, with p > 2, defined as

(9.2)

The overall trajectory error, e,(.), can be obtained by averaging the result
over the K frames of the life span of a target as

K
- 1 -
ep(Trk, Tk ) = Ezdp(mkaxk)' (9.3)
k=1
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When it is desirable to highlight the importance of different state parame-
ters (for example by weighting more the contribution of positional error with
respect to the contribution of shape and velocity errors), one can replace the
Euclidean distance with the Mahalanobis distance, d™)(.), defined as

d™(z,7) = \/(z — )2 (z — 7), (9.4)

where ¥ can be, for example, a diagonal covariance matrix whose diagonal
elements reweight the contribution of each state parameter.

9.4.1.2 Dealing with the perspective bias A problem arises when using
distance metrics on positional state estimates like the ones produced by elliptic
and box-based trackers (see Section 1.3.1). As the centroid error score does
not depend on the target size, an estimation error of a few pixels for an object
close to the camera counts the same as the estimation error for the same object
when positioned in the far-field of the camera. However, when an object is
far from the camera its projection on the image plane is relatively smaller
than when it is closer. Therefore, small positional errors in the far-field may
correspond to track estimates that do not share any pixels with the ground
truth. To solve this problem, one can compute a centroid error normalised by
the target size.
As an example, let the state z of an elliptical tracker

x = (u,v,w,h,0)

be represented by the centroid (u,v), the length of the two semi-axes (w, h)
and the rotation of the ellipse 6. Also, let us assume that ground-truth
information

i = (4,0,0,h,0)

on the expected position of the ellipse is available. The centroid error can be
normalised by rescaling and rotating the coordinate system so that the errors
in 4 and v become

cosO(u — @) — sin (v — 7)

ew(z,T) = = ) (9.5)

e (0, F) = sin O(u — @) + cos O(v — ) . (9.6)
h
From Egs. (9.5) and (9.6) follows the definition of a normalised Euclidean

error at frame k as

e(xk,ik.) = \/eu (.’L‘k,i‘k)Q + e, (xk,ﬁék)Q. (9.7)

Note that, when the estimated centroid is outside the ground-truth area, then
e(z,z) > 1.
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9.4.1.3 Multi-target scores The error scores defined so far are applicable
to single targets. As discussed in Section 9.3, when the ground-truth data de-
scribe the trajectory of multiple targets, an association between ground-truth
trajectories and the tracker-output trajectories is required before evaluating
the performance.

A comprehensive solution to extend the Euclidean distance to multiple tar-
gets and to include the association step directly in the evaluation is provided
by the Wasserstein distance [10]. The Wasserstein distance is an evaluation
metric for multi-target algorithms and has been used to evaluate trackers
based on the RFS framework [11-13].

Let f(z) and g(x) be two probability densities over the Euclidean state
space Fs and h(z,y) a joint distribution with marginals f(x) and g(y). Then
we can define the Wasserstein distance, d]\,’v (.), between the two distributions
f and g as

dy' (f,9) = inf i/ / dy(z,y) h(z,y)dzdy. (9.8)

The multi-target interpretation of the distance is obtained by formulating
Eq. (9.8) for two finite sets

Xe ={zk1, .-, Thn}t

and

Y ={vra1s Yk }-

These two finite sets represent two possible multi-target results composed of a
finite collection of single-target states. To this end we define the distribution
over the state space Fs of a finite set X, as

v, (@) = = D 6(a),
i=1

where the §(.) are Dirac’s deltas centred on the elements of the multi-target
finite set.

By substituting dx, and dy, into f and g, the result is a metric on the
multi-target space of the finite subsets. The result of the substitution is

df (X,Y) = d) (0x,0y) =inf 2| Y > Cijdy(aiyy),  (99)

i=1 j=1

where, for simplicity of notation, we dropped the frame index k.
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C'is the n X m transportation matrix to be optimised under the constraints

Vi,j Ci_j > 0,

R 1
Vj ;CM = m’

o 1
Vi Cij=—.

The computation of the Wasserstein distance of Eq. (9.9), i.e. the optimi-
sation of the matrix C, can be formulated as a linear assignment problem
similar to those described in Section 7.3.2. The optimal solution to this prob-
lem can be found using the algorithm from Hopcroft and Karp [14]. We briefly
summarise here the steps necessary to obtain the new formulation [10].

Let us define ¢ as the greatest common divisor of m and n, and let

n=m/c,
m=n/c

The size N = nf = nmuh assignment problem is between the finite set X
formed by substituting in X the vectors x; with n arbitrarily close repli-

cas T;1,..., T, and the similarly composed finite set Y. From Eq. (9.9) we
can write
¥ (X,Y)=d"(X,Y) = inf { ZZd D) (9.10)

i=1j=1

where v defines a possible association between the N pairs (z,i) and the N
pairs (j, 7).

9.4.2 Classification scores

Another approach to evaluating a tracker is to assess its performance in a
classification problem. This classification problem may compare the estimation
of the tracker with the ground-truth data at different levels, namely pixel,
object, trajectory or temporal (see Figure 9.3):

e At pizel level, one evaluates whether the pixels belong to the estimated
target area only, to the ground-truth area only or to both.

e At object level, one evaluates the correspondences between ground-truth
targets and estimated targets, considering the target as a whole.

e At trajectory level, one evaluates the correspondence between ground-
truth and estimated trajectories.
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Figure 9.3 Performance evaluation as a classification problem. The green items
represent the ground-truth data, while the blue items represent the estimates (out-
put) of the tracker. True positives (TP), false positives (FP) and false negatives
(FN) at (a) pixel level, (b) object level, (c) trajectory level and (d) temporal level.

e At temporal level, one classifies the correspondence between the real and

the estimated target life span.

When considering performance evaluation as a classification problem, the
tracking results can be assessed based on true positive (TP), false positive
(FP), false negative (FN) and true negative (TN) classifications:

® The number of TPs is the number of successful classifications. For exam-
ple, at pixel level, the pixels within the estimated target area overlapping
the ground-truth are true positives (see Figure 9.3(a)).

e An FP is declared when an hypothesis of target presence (at pixel, object,
trajectory or temporal level) is incorrect. For example, at object level, a
false positive is declared when the estimate does not significantly overlap
any objects in the ground truth (see Figure 9.3(b)).
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e The number of FNs is obtained by counting the number of ground-truth
items (pixels, objects, trajectories or frames) that are not matched by
any tracker estimates. For example, at temporal level, a false negative is
a frame when a track is lost.

e A TN is awarded when the estimation of the non-existence of a target is
correct. Note that the number of TNs can be meaningfully defined only
at the pixel and temporal level. Moreover, if in the ground truth the
number of negative items (e.g. background pixels and frames without a
target) far exceeds the number of positive items, then the the number of
TNs shall be disregarded in the performance evaluation.

Based on the above definitions, we can define as performance evaluation
scores the precision, the recall, the F-score and the specificity.

The precision,'® P, is the fraction of correct results with respect to all the
generated estimation results

TP

P=
[TP[+ [FP]

(9.11)

where |.| denotes the cardinality of a set.
The recall, R, is the fraction of correct results with respect to the expected
results

| TP|

R= —0 9.12
|TP| + |FN| ( )
The F-score, F, is the harmonic mean of precision and recall
P-R
F=2 . 9.13
P+R ( )
Its weighted version, Fj3, is defined as
P-R
Fi=00+p) s, 9.14

where the weight 8 modulates the importance of the precision with respect
to the recall.

Finally, when the use of TN is meaningful, one can evaluate the specificity,
S, of an algorithm as

[ TN

= 9.15
|TN| + |FP| ( )

13The meaning of the term precision here refers to a quantity evaluated over a classification
result. Its meaning is different from the meaning of the term precision defined in Chapter 1,
which refers instead to the degree of reproducibility of a tracking estimation.
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It is important to notice that several variations in the score in Eq. (9.11)
can be used. A measure of overlap OY) between the tracker estimation and
the ground truth, also known as dice, is given by

2-|TP|
o = , 9.16
2. |TP| + |FP| + |FN| (9.16)
The dice error, D, is then defined as
D=1-0W, (9.17)
and we will denote the dice error in a single frame as Dy.
Other measures of overlap are the following:
TP|
o = | , 9.18
|TP| + |[FP| + |FN]| (9.18)
and
TP|?
o TP (9.19)

~ 2. |TP|+ [FP|+|FN|’

These three overlap scores, O, O2) and O®) | are bounded between 0 and 1
and reward tracking estimates with a high percentage of true positive pixels,
and with few false positives and false negatives. However, as the intersection
of the target and ground truth areas decreases, the score O?) decreases faster
than O,

It is interesting to notice that unlike centroid-based measures, when applied
at the pixel level, these scores can account for errors in the estimation of the
target size. Moreover, in the case of a lost track, they do not depend on where
in the image the tracker is attracted to (i.e. D saturates to 1).

9.5 COMPARING TRACKERS

A summary of the performance of a video tracker over selected test sequences
can be given by the average score of the measures discussed in the previous
section. However, these average scores should be complemented with addi-
tional information and one has to consider also:

e possible lost tracks
e the significance of the results
e the precision of the results,

as discussed in the next sections.
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9.5.1 Target life-span

The performance scores presented in Section 9.4 compute a global estimate
of tracking quality and do not explicitly consider the case of lost tracks. A
track loss happens when the target is present, but the tracker estimation is
‘far’ from it. The meaning of ‘far’ depends on the application.

When tracking fails and a target is lost, unless the corresponding track is
terminated, the tracking algorithm tends to lock on an area of the background
with features that are similar to those of the lost target. In this situation, the
value of a centroid-based error measure will depend on the location of this lock
area. However, from the evaluation point of view the magnitude of the error
is an irrelevant number and therefore should not be used in the evaluation of
a score.

To associate a score with this process, one can calculate the lost track ratio
A, the ratio between the number of frames where the tracker is not successful
N;, and the total number of frames in a test sequence N;:

N,

A= —.
Ny

(9.20)

The use of this score requires the definition of when to declare a track to be
lost. For example, a track at time index k can be defined lost when the dice
error (Eq. 9.17) in that frame D}, exceeds a certain value T):

Dy > T,. (9.21)

Typically T is in the range [0.8, 1].

Particular care is then necessary when comparing other scores, as their
values may be dependent on A: a smaller A might mean that the performance
scores are computed on a larger number of frames. As the additional frames
are usually the most challenging parts of a sequence (i.e. where some trackers
failed), the value of A has to be considered first in the evaluation. Then, only
if the values of A obtained by two trackers are comparable, can one compare
the values of the other performance scores.

In summary, given the ground truth, the dataset and the selected scores,
the evaluation procedure should be divided in the following steps:

1. Choose T) that is appropriate for the application of interest.

2. Identify the frames with lost tracks (based on Eq. 9.21) and remove
them from the computation of the performance scores.

3. Compute A for each algorithm under evaluation.

4. If two trackers have a similar value of A, then compare their performance
scores obtained in Step 2. Otherwise, the value of A will suffice for the
assessment of the performance.
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9.5.2 Statistical significance

The comparison of the average scores can be insufficient to reach a meaning-
ful conclusion on which of the algorithms under evaluation is preferable, as
performance improvements may be not consistent over a whole dataset, com-
posed of N test sequences. To overcome this problem, statistical hypothesis
testing, like the Student’s t-test [15], can be used.

The t-distribution is the distribution of the mean of a normally distributed
small number of samples. Under the assumption that two algorithms with
identical performance produce normally distributed score differences, one can
test the hypothesis that the mean difference is significant against the hypoth-
esis that the difference is due to random fluctuations. To perform the test,
one first computes the  value as

Ele, — ep]
O'd/\/N ’

t= (9.22)

where Ele, — e] is the mean score difference between two algorithms a and
b, o4 is the standard deviation of the sample differences, and N is the number
of samples (i.e. in our case the number of sequences in the dataset).

The probability that this particular value of ¢ occurred by chance is given
by the p-value. The p-value is the value of the cumulative function of the
Student t-distribution evaluated in . If the p-value is lower than a pre-defined
threshold of statistical significance (e.g. 0.05 or 0.01), then the hypothesis that
the difference between the mean scores is statistically significant is accepted.

9.5.3 Repeatibility

Special attention is required when evaluating non-deterministic tracking
methods, such as a particle filter. In fact, due to random sampling, the per-
formance of the algorithm may not be consistent over different runs. It is
therefore necessary to repeat the experiment several times under the same
conditions and then to consider the average score over these runs, its stan-
dard deviation and, optionally, its maximal and minimal values.

A good tracker is characterised not only by a small average error, but also
by small variations in the error. A measure of consistency is given by the
covariance of the performance score.

A repeatability coefficient can be considered that represents the value below
which the discrepancy between the performance score under analysis in two
difference runs of the algorithm is expected to lie with a certain probability
(e.g. 0.95).

Also, to test different parameter sets, one can apply again hypothesis test-
ing of the unpaired (or grouped) variety [16], where in this case the samples
are multiple runs over the same sequence.
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9.6 EVALUATION PROTOCOLS

A performance-evaluation protocol is a pre-defined procedural method for
the implementation of tracking experiments and their subsequent evaluation.
Evaluation protocols'* standardise evaluation methods to enable the compar-
ison of the results generated by different video trackers. Evaluation protocols
include in general test sequences, ground-truth data, evaluation rules and
scoring tools.

9.6.1 Low-level protocols

This section covers two low-level evaluation protocols, namely:

e The Evaluation du Traitement et de I'Interpretation de Sequences vidEO
(ETISEO) [17] protocol comparing target detection, localisation, and
multi-target tracking.

e The Video Analysis and Content Extraction (VACE) protocol [18], used
in the evaluation challenges that took place during the Classification of
Events, Activities and Relationships (CLEAR) workshops [19] and the
TREC Video Retrieval Evaluation campaigns [20].

9.6.1.1 ETISEO The ETISEO protocol is based on the evaluation of the
number of TPs, FPs, and FNs at object and trajectory level.

The data-association step between tracker estimations and ground-truth
data is based on a simple nearest neighbour approach. The association hy-
potheses are weighted either by one of the overlap scores defined in Eq. (9.16),
(9.18) and (9.19), or by a fourth score, O*)| defined as

(9.23)

oW = max{ [FP| [FN] } .

|[FP| + |TP|” |FN| + |TP|

In the following we outline the scores used in the ETISEO object-detection and
trajectory-evaluation tasks. The object-detection evaluation task is divided
into three parts:

1. The first part of the performance evaluation compares in each frame the
estimated number of targets in the scene N against the ground-truth
datum, N. Precision (Eq. 9.11) and recall (Eq. 9.12) are used, with the

4 Note that the terminology that will be used in this section is that of the specific protocols
and might differ from the formal definitions we gave elsewhere in the book.
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following definitions for the quantities in Eq. (9.11) and Eq. (9.12) as
ITP| = min{N, N}
|FP| = N — |TP|
IFN| = N — |TP|.

2. The second part requires association between the estimated detec-
tions and the ground-truth detections. Given the association, precision
(Eq. 9.11) and recall (Eq. 9.12) scores are again computed. In this case,
unpaired detections and unpaired ground-truth data are treated as FP
and FN, respectively.

3. The third part evaluates the spatial overlap between ground-truth data
and the estimated bounding boxes (or blobs). To this end, six scores
are uses: precision, recall, specificity and F-score, computed at the pixel
level (see Eq. (9.11)—(9.13) and Figure 9.3(a)), and two additional scores
that measure the level of ambiguity of the spatial estimate (target split
and target merge). The rationale for the use of these two additional
scores is that a typical error in object-detection algorithms based on
background subtraction and learned classifiers is to generate multiple
detections (or blobs) for a single target. To measure the level of ambigu-
ity one can first count the number of detections (or blobs) D; that can
be assigned to the ith object in the ground-truth data. The assignment
is computed by gating the data according to one of the overlap measures
defined in Egs. (9.16), (9.18) and (9.19) and a fixed threshold. From this
assignment one can derive a target split score defined as

1 &1 Dy
S = = - - 9.24
K ,; Ni Z D; (924)
= i=1
A second score evaluates the situation of one detection (or blob) bound-
ing the area of two ground-truth targets. By counting the number
of targets in the ground-truth D; that can be associated to the ith
estimated bounding box (or blob), the target merge score M can be
computed as

(9.25)

The trajectory management evaluation task assesses the consistency of tra-
jectory associations over time:

e For each pair of consecutive frames at time k£ and k + 1, one can com-
pare the temporal connections between the estimated detections and the
connections in the ground-truth data. If the link connects two detec-
tions that are associated with the same ground-truth object, then this
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is considered as a TP. Missing links, and additional links are treated as
FNs and FPs, respectively. From these definition and Egs. (9.11), (9.12),
and (9.13), one can derive the corresponding precision, recall and F-score
values for links.

The same criterion can be extended to multiple frames by assigning to
the ground-truth data full trajectories instead of frame-to-frame links.
A trajectory is declared a TP when the percentage of consistent single-
frame associations is above a pre-defined threshold. The definition of
FP and FN trajectories as well as the definition of tracking precision,
sensitivity and F-score is then straightforward.

In addition to these scores, ETISEO evaluates the temporal overlap
between each of the N ground-truth trajectories {ti,... ,t},} and the
associated estimates {ti,...,ty}, where each ¢; is either the first tra-
jectory that spatially overlaps the ith ground-truth trajectory, or the
trajectory ¢ with maximum temporal overlap |t N #;|. The temporal over-
lap, O, representing the average percentage of time the objects are
detected and tracked is computed as

1 &
ozﬁ;1

To assess the problem of multiple estimates overlapping the trajectory
of a single object, ETISEO defines the persistence score P as

ti

|ti| (9.26)

SH D

i

N

1 1
P:T = 5 927
&y o

3

where D; is the number of estimated trajectories that, in at least one

frame, are the best assignment for the ith ground-truth datum.
Similarly, to assess the problem of one trajectory estimate overlapping

multiple ground-truth data, ETISEO defines the confusion score C' as

N

1 1
i=1 i

where th) is the number of ground-truth objects that at least in one
frame are the best possible association for the ith estimate.

9.6.1.2 VACE The VACE protocol uses four main evaluation scores:

® two scores assess the accuracy of target localisation and area estimation,

and

® two scores evaluate the overall tracking performance.
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The accuracy of an estimated bounding box is quantified with the overlap
measure O?), computed at pixel level (see Eq. (9.18) and Figure 9.3(a)).
Slack variables with value 0.2 are used in order to model missing detections
and clutter. The results from the data association step at each frame k are:

® a set of M,i(“ matched bounding boxes pairs,'®

Okﬁl,...,O d) and

with overlap scores
ke, M
e the count of ground-truth and estimated detections without any associ-

ation, namely the number of false positives, \FP | and the number of

false negatives, |FNk |

The accuracy of target localisation and area estimation is quantified with
the so-called multiple object detection precision (MODP), the average overlap
over the matching data:

M

MODP (k Z Op.i. (9.29)

and the multiple object detection accuracy (MODA), which is related to the
cost of false positives and false negatives:
d d
en (IFN]) + ¢ (PR
| Br|

MODA(k) =1 - , (9.30)
where ¢,(.) and ¢,(.) are the cost functions for the false positives and false
negatives respectively, and \Bk| is the number of elements in the ground truth.
The global scores for a video sequence are obtained by averaging MODP and
MODA over the frames.

The overall tracking performance is obtained with the so-called multiple
object tracking precision (MOTP):

M () <K
MOTP = izt k=1 Ok
Zk:l M,

where M), is the number of mapped objects over the entire test sequence; and
the multiple object tracking accuracy (MOTA):

, (9.31)

Y e (FNY]) + ¢ (IFPLY]) + log, (idsy )
Sy B

where FN ) and FP ) denote the sets of missing and false-positive tracks,
and ids,, is the number of identity switches. The cost functions ¢, (.) and cp(.)

MOTA = 1 7 (9.32)

15The superscript d indicates a detection-level association (target area). Similarly, the su-
perscript ¢ will indicate a tracking-level association, when the data-association problem will
be solved at the trajectory level (Figure 9.3(c)).
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can be defined by the user to adjust value of the penalty associated with false
positives and false negatives.

9.6.2 High-level protocols

As discussed in Section 9.1, the performance of a video tracker can be
measured indirectly by analysing the performance of subsequent processing
modules, such as event detection, making use of tracking estimations. We
discuss below a series of evaluation protocols and a set of scores for event-
detection tasks.

9.6.2.1 CREDS The evaluation procedure of the Challenge of Real-time
Event Detection Solutions (CREDS) [21] is aimed at comparing event-
detection algorithms for surveillance in underground transport networks
(Figure 9.4).

The CREDS ground truth contains annotation for a set of nine classes
of events (e.g. proximity to the platform edge, walking on the tracks). The
events are further classified according to their priority as warnings, alarms
and critical alarms. The goal is to trigger the appropriate alarm at the correct
time and to estimate the duration of the event. Errors are weighted differently,
depending on the event priority:

e TPs are awarded when ground-truth events overlap with automatically
generated events of the same type.

e FNs are awarded for undetected events.

Figure 9.4 Sample frames from two scenarios of the CREDS dataset. Courtesy
of RATP.
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e False Positives are classified into two groups:

— FP;: events overlapping ground-truth data that are already as-
signed to other events.

— FPy: false detections that do not overlap with any data in the
ground truth.

The performance of the algorithm is summarised by a global score .S, which
sums the scores assigned to TPs and penalties assigned to FPs and FNs, that is

TP
S = [FPy|- Pep, + [FPs| - Pep, +|FN| - Pex + Y S,
=0

where Stp is a score that depends on the quality of each TP, while Prp,,
Prp,, and Ppy are penalties that depend on the event priority (i.e. warning,
alarm, or critical alarm).

The score Stp depends on the precision in detecting the event and esti-
mating its duration. Anticipated and delayed detections are scored according
to a function of the time difference between estimate and ground truth At
(Figure 9.5), defined as

0 At € }—oo,B[U]D,—oo[
M(At- B) Ate [B, A
A—-B
Stp =
Smaz At € ]A70[
S”S” (D—-At) Ate ]0,D|

The maximum value Sy.y is a parabolic function of ratio between event
duration estimate d and actual duration d, as defined in the ground-truth

ASw

Smax

B A D “At

Figure 9.5 CREDS evaluation score as a function of the anticipation/delay time
At between the automatically detected event and the ground-truth event. Antici-
pated detections are favoured over delayed detections.
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Table 9.1 Numerical values of the parameters defining the CREDS evaluation
score. The values depend on the event priority.

A (ms) B (ms) D (ms) Prx Prp, Pyp,

Warnings —1000 —2000 2000 —100 -5 —50
Alarms —1000 —2000 1000 —250 -5 —80
Critical Alarms —1000 —2000 200 —1000 -5 —200

annotation, that is

g )50 {2 (1 d/d”ﬂ d/d € [0,2]
50 d/d € ]2, ] '

The score parameters A, B and D as well as the false positive and false
negative penalties Ppp,, Prp, and Prnx depend on the event priority and are
summarised in Table 9.1. The values are chosen in such a way that the penalty
for errors and delays increases with the priority of the event.

9.6.2.2 ETISEO The ETISEO protocol for event detection is similar to
the ETISEO protocol for object detection discussed above. Given N(®) event
classes, one compares the number of automatically detected events IV; for each
class i against the number of ground-truth events N;.

The mean number of true positives E[|TP|], false positives E[|FP|], and
false negatives E[|[FN|] over the event classes are computed as

N(e)

E[|TP|] = Z min{N;, N; }, (9.33)
Ne)

E[|FP| = Z N; — min{N;, N;}, (9.34)
1 N

E[|FN[] = + Z N; — min{N;, N;}. (9.35)

The ETISEO protocol evaluates:

e the precision (Eq. 9.11)
e the recall (Eq. 9.12)
e the F-score (Eq. 9.13)
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to compare the results of different algorithms where the means E[|.|] replace
the set cardinalities |.|.

Precision and recall are computed according to Eq. (9.11) and Eq. (9.12),
where again the means E||.|] replace the set cardinalities |.|.

Note that these scores do not account for ewvent duration and temporal
overlap. However temporal overlap is used to associate the event estimates
with ground truth data. The association is based on the overlap scores of
Egs. (9.16), (9.18) and (9.19) computed time-wise (see Figure 9.3(d)) and a
conveniently choosen threshold.

9.6.2.3 i-Lids The Imagery Library for Intelligent Detection Systems
(i-Lids) evaluation protocol [22] for event detection compares automated re-
sults against a ground truth of the event timeline. The association between
output data and ground truth is defined as follows:

e TPs: ground-truth events matched within a 10 seconds window by at
least one automatically triggered alarm (i.e. multiple alarms within the
validation window count as a single TP).

e FPs: automatic alarms not counted as TP and that do not fall within a
5 seconds window after another FP.

e FNs: genuine alarms not resulting in any algorithm outputs.

As shown in Figures 9.6 and 9.7, the type of events or scenarios are aban-
doned baggage detection, parking surveillance, doorway surveillance, sterile
zone surveillance and people-tracking with multiple cameras. As mentioned
earlier, although the benchmarking of the first four scenarios is centred around
the detection of pre-defined events, all the tasks may require video tracking
and therefore this protocol can be used to indirectly assess the performance
of a tracker.

Given the association between ground truth and estimated events, the
i-Lids protocol uses three scores:

e precision P (Eq. 9.11)
e recall R (Eq. 9.12)

e the weighted F-score (see Eq. 9.14). The weight £ is fixed to /35 and
V60 for the abandoned-baggage event and the parked-vehicle detection,
respectively.

For each scenario the data corpus is split into three parts, each consisting
of about 24 hours of footage (50 hours for the multiple-camera scenario).
Two parts, the training and testing datasets, are publicly available. The third
part, the evaluation dataset, is privately retained for independent assessment
of the algorithms. The annotation of the multiple camera tracking dataset
conforms to the Video Performance Evaluation Resource (ViPER) de facto
standard [2,23].
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Figure 9.6 Sample frames from three scenarios from the i-Lids dataset for event
detection. Top row: Abandoned-baggage detection. Middle row: parked-vehicle
surveillance. Bottom row: doorway surveillance. Reproduced with permission of
HOSDB.

9.7 DATASETS

This section presents an overview of datasets aimed at performance evalua-
tion and comparison of video-tracking algorithms. The datasets are organised
by application area, namely surveillance, human—computer interaction and
sport analysis.

9.7.1 Surveillance

Surveillance datasets consist of a large corpus of sequences recorded for more
than a decade and used in various international conferences or challenges
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Figure 9.7 Sample frames from two scenarios from the i-Lids dataset for event
detection and object tracking. Top row: sterile zone surveillance. Bottom row: object
tracking with multiple cameras. Reproduced with permission of HOSDB.

to compare the results of video tracking or event-detection algorithms. The
details of these datasets are given below:

e The PETS-2000 dataset [24] is composed of two sequences from a single-
view outdoor scenario (Figure 9.8). The camera mounted on top of a
building observes the movements of a small number of pedestrians and

Figure 9.8 Sample frames from PETS-2000 dataset aimed at benchmarking
single-view person and vehicle-tracking algorithms.
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(d)

Figure 9.9 Sample frames from the PETS-2001 dataset aimed at benchmarking
single and multi-view tracking algorithms. (a) and (b): Fixed camera scenario ((b)
omnidirectional view). (c¢) and (d): Views from a moving vehicle.

vehicles. A limited amount of occlusions and constant illumination con-
ditions facilitate the tracking task. Camera calibration information is
provided together with the data.

e The PETS-2001 dataset [24] includes five multi-view tracking scenar-
ios (Figure 9.9). For each scenario, two pairs of sequences (one for al-
gorithm training and one for testing) from two synchronised cameras
are provided. Four datasets have similar outdoor scenarios to those in
the PETS-2000 dataset. Two cameras show different semi-overlapping
views from the top of a building. In the fifth scenario the camera pair is
mounted inside a car cruising on a motorway. The recordings show rear
and frontal views from within the car. All the sequences are captured us-
ing standard PAL cameras and common planar lenses except in scenario
4, where an omnidirectional (360° view) lens is mounted on one of the
two cameras.

e The PETS-2002 dataset [24] is composed of eight sequences imaging
a shopping mall in challenging viewing conditions. A single camera is
positioned inside a shop and the goal is to consistently track over time
multiple people passing in front of a shop window (Figure 9.10). Specular
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Figure 9.10 Sample frames from the PETS-2002 dataset aimed at benchmarking
tracking algorithms in difficult viewing conditions. The camera is positioned behind
a shop window.

reflections from the window and occlusions caused by text printed on the
glass deform the appearance of the targets. Also, the targets occlude each
other while passing in front of the shop.

e The PETS-2006 dataset [24] presents sequences recorded in a large train
station. Actors simulate events that should tigger security alerts by aban-
doning a luggage on the platform (Figure 9.11). Four scenarios are pro-
vided, each imaged from four different views.

e The PETS-2007 dataset [24] is aimed at event detection in public trans-
portation networks. Similarly to the 2006 dataset, this dataset contains
multi-view images from the check-in area of an airport (Figure 9.12).
Events in the dataset include abandoned luggage, thefts and subjects
that remain in the field of view longer than a typical passenger.

e The Context Aware Vision using Image-based Active Recognition
(CAVIAR) project [25] generated a large dataset of activities. The im-
ages are from a lobby entrance and recorded activities like walking, and
entering and exiting shops. Also, a few actors simulate more complex

Figure 9.11 Sample frames from the PETS-2006 dataset aimed at benchmarking
automated tracking in public places like transportation hubs. Reproduced from data
provided by the ISCAPS consortium.
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Figure 9.12 Sample frames from the PETS-2007 dataset aimed at benchmarking
automated annotation and tracking in public places like transportation hubs. The
images show two views of the check-in area of an airport. Reproduced from data
provided by the UK EPSRC REASON Project.

scenarios including urban fighting and abandoning packages. Note that
the resolution of the images, half Phase Alternating Line (PAL) (384 x
288), is fairly low with respect to more recent surveillance datasets. Fig-
ure 9.13 shows a pedestrian waking in a corridor while some customers
enter and exit the shops on the left.

e The Imagery Library for Intelligent Detection Systems (i-Lids) dataset
for multi-target vehicle and person tracking is composed of 25 sequences
from two different outdoor video-surveillance scenarios, Broadway church
scenario (BW) and Queensway scenario (QW), and present a variety of
illumination conditions. Figure 9.14 shows sample frames from both sce-
narios. The videos have a frame size of 720 x 480 pixels with a frame rate
of 25 Hz. The ground-truth annotation is available for 121354 frames

Figure 9.13 Sample frames depicting a target from the CAVIAR dataset, a pedes-
trian in a shopping mall undergoing a large scale change. The green ellipses mark
sample target areas. Unmarked images from the CAVIAR dataset (project IST-
2001-37540).
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Figure 9.14 Sample frames from i-Lids (CLEAR-2007) dataset scenarios for
video surveillance; reproduced with permission of HOSDB. (a) Scenario 1: Broad-
way church (BW). (b) Scenario 2: Queensway (QW). The green boxes show the
positional annotation for the moving targets.

(approximately 1 hour and 21 minutes of video), divided into 50 evalu-
ation segments. The two scenarios display common activity from pedes-
trians and vehicles with the addition of acted behaviours that simulate
illegal parking and pedestrian interactions.

9.7.2 Human-computer interaction

In this section we cover datasets for head or hand tracking and for the analysis
of meeting scenarios. The details of these datasets are given below:

Head tracking A widely used head-tracking dataset is that by Stan Birch-
field.! The dataset is composed of 16 low-resolution (125 x 96) sequences
recorded at 30 Hz. The sequences are the result of driving a PTZ camera
with a real-time tracker and therefore present a changing background. In
most of the sequences only one subject is present in the scene. Each sub-
ject performs fast movements and 360° rotations. Sample frames from the
dataset are presented in Figure 9.15.

Part of the Surveillance Performance EValuation Initiative (SPEVI)
dataset contains five single-person head-tracking sequences: toni, toni-

Ihttp://www.ces.clemson.edu/~stb/research /headtracker /seq.
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Figure 9.15 Each row shows sample frames from one of the 16 sequences from
the Birchfield head-tracking dataset. The green ellipses mark the target areas. The
targets undergo complete revolutions and partial occlusions.

change_ill, nikola_dark, emilio and emilio_turning (Figure 9.16). In toni the
target moves under a constant bright illumination; in toni_change_ill the
illumination changes from dark to bright; the sequence nikola_dark is con-
stantly dark. The remaining two sequences, emilio and emilio_turning, are
shot with a lower-resolution camera under a fairly constant illumination.
Three sequences of the SPEVI dataset aim at evaluating multiple
head/face-tracking algorithms (Figure 9.17). The sequences show the
upper-body parts of four persons moving in front of the cameras. The
targets repeatedly occlude each other while appearing and disappearing
from the field of view of the camera. The sequence multi_face_frontal shows
frontal faces only; in multi_face_turning the faces are frontal and rotated; in
multi_face_fast the targets move faster than in the previous two sequences,
thus increasing the impact of motion blur on the imagery. The video has a
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Figure 9.16 Sample frames depicting single head/face targets from the SPEVI
dataset. The green ellipses in the first two rows mark the target areas. Top row:
sequence toni, the head performs a complete 360° revolution. Middle row: sequence
emilio_webcam, the head performs fast motions, it is partially occluded and under-
goes large scale changes. Bottom row: sample frames from other two sequences of
the same dataset that present varying illumination conditions. Left: test sequence
nikola_dark; right: toni_change_ill.

frame size of 640 x 480 pixels with a frame rate of 25 Hz. A summary of
the sequences composing the SPEVI dataset is presented in Table 9.2.

Hand tracking One sequence from the SPEVI dataset is aimed at testing
algorithms on hand tracking (Figure 9.18). The video is recorded with a
low-resolution webcam. The unpredictability of the hand movements and
the colour similarity with other skin areas add a further degree of difficulty
on top of the usual video-tracking challenges.
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Figure 9.17 Sample frames depicting multiple head /face targets from the SPEVI
dataset. The green boxes show the target positions. In these examples the four face
targets occlude each other.

Meetings The PETS-ICSV datasets presents four indoor meeting scenarios.
The goal of this data is to assess the performance of automated meeting
annotation algorithms. The data for each scenario is recorded by three
synchronised cameras (Figure 9.19). Two cameras with standard lenses offer
top views of the meeting table. The third camera, positioned in the middle
of the table, uses an omnidirectional lens. Ground-truth annotation provides
information about face and eye position, gaze direction, hand gestures and
facial expressions. Other meeting-scenario datasets include the Computers
in the Human Interaction Loop (CHIL) corpus [26] and the Augmented
Multiparty Interaction (AMI) corpus [27].

9.7.3 Sport analysis

This section covers datasets for sport analysis that include some of
the PETS dataset, the CNR soccer dataset and the APIDIS basketball
dataset. Due to the similar appearance of players belonging to the same
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Table 9.2 Description of the sequences composing the SPEVI dataset. The
frame rates are in frames per second (FPS).

Target Image
type Sequence size FPS Challenges GT
tons . H_Cluitez s Yes
PAL 925 self-occlusions
toni_change_ill INlumination changes | No
Single nikola_dark Low light No
face/head emilio Abrupt shifts, clutter Yes
320 x 240 |12.5 partial occlusions
emilio_turning Self-occlusions No
multi_face_frontal Occlusions Yes
Multiple multi_face_turning 640 x 480 | 25 Occlusmr}s, No
self-occlusions
faces/heads . Occlusions,
multi_face_fast motion blur No
Room160 Clutter
. Yes
reverberations
Multi-modal 360 x 288 | 25 ]
Room105 OCCIUSIOI}S’ Yes
reverberations
Chamber Occlusions Yes
Hand Fast_Hand | 320 x 240 |12.5 |  motion blur, Yes
fast manoeuvres
Object Ommicam | 352 x 258 | 25 Lens distortion, | /o
occlusions

team, tracking algorithms may require sophisticated track management to
reliably propagate the target identity across occlusions. The details of these
datasets are given below.

Football The PETS-2003 dataset consists of images from a football match
recorded by three synchronised cameras. The cameras are positioned above
ground level on the stands of a stadium (Figure 9.20). The ground-truth
data provide information about the position of the players.

The Consiglio Nazionale delle Ricerche (CNR) soccer dataset [28] is com-
posed of six synchronised views acquired by high definition (HD) cameras
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Figure 9.18 Sample frames from the SPEVI dataset for hand tracking. The hand
performs fast manoeuvres. The sequence is shot with a low-quality camera on a
uniform background.

and is complemented by calibration data and two minutes of ground-truth
data (Figure 9.21).

Ballsports Some test sequences of the MPEG-/ test set have been popular
within the video-tracking community [29, 30]. Figure 9.22 shows sample
frames from the MPEG-4 testbed. In this case two possible targets are the
table-tennis ball and the soccer ball. Due to the sudden movements of the
balls, these sequences offer interesting tracking challenges.

Basketball The Autonomous Production of Images based on Distributed
and Intelligent Sensing (APIDIS) basketball dataset [31] is composed of
one scenario captured from seven 2-megapixel synchronised colour cameras
positioned around and on top of a basketball court. The data include cam-
era calibration information, manual annotation of basket ball events for
the entire game and one minute of manual annotation of object positions
(Figure 9.23).

Figure 9.19 Sample frames from PETS-ICVS dataset aimed at benchmarking
algorithms for automated annotation of meetings. The three images show the views
from the three synchronised cameras. Reproduced from data provided by the Fgnet
Project.
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Figure 9.20 Sample frames from PETS-2003 dataset aimed at benchmarking au-
tomated annotation and tracking in sport footage. The three images show the dif-
ferent views from three synchronised cameras. Reproduced from data provided by
the IST INMOVE Project.

Figure 9.21 Sample frames and camera-positioning schema from the CNR soccer
dataset. Reproduced with permission of ISSTA-CNR.
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Figure 9.22 Sample frames depicting highly manoeuvring targets from the
MPEG-4 test-set. The green ellipses mark the target areas. Top row: a ball from the
Table Tennis test sequence. Bottom row: a football from the Soccer test sequence.

Figure 9.23 Sample frames from the APIDIS basketball dataset. Reproduced
with permission of APIDIS Project.
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9.8 SUMMARY

The development and improvement of a video-tracking algorithm requires rig-
urous verification of its performance in a variety of experimental conditions.
This verification allows one to quantify the effects of changes in the algo-
rithm, to compare different versions of the same algorithm when changing the
value of its parameters, and to verify that the final solution is achieving the
level of performance that is in line with the requirements of the application.
To this end, this chapter discussed evaluation procedures for video tracking.
Starting from simple quality scores like those based on the Euclidean dis-
tance, we have shown how to extend this evaluation to multi-target trackers.
Moreover, we discussed how, with the help of data-association methodolo-
gies, the visual tracking problem can be treated as a binary classification
problem. We also described a set of evaluation scores and protocols used in
international performance-evaluation campaigns. Finally, we presented pub-
licly available test datasets and commented on their characteristics. As the
number of available datasets is ever increasing, we are keeping an updated list
at www.videotracking.org
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EPILOGUE

This book offered a unified overview on the conceptual as well as implementa-
tion issues, choices and trade-offs involved in the design of video trackers. We
examined various video-tracking application scenarios, covering the state-of-
the-art in algorithms and discussing practical components that are necessary
in application development. In particular, we highlighted the importance of
understanding the image-formation process in order to effectively select the
features for representing a target, based on the task at hand. Moreover, we
discussed the relevance of an appropriate definition of evaluation measures
to test and improve a tracking algorithm, as well as to compare results in
real-world scenarios.

Throughout the book we discussed the algorithms’ weaknesses and
strengths, and we compared them using a set of practical and easily under-
standable performance measures. In addition to discussing important aspects
of the design framework for video tracking, the book introduced ideas about
open challenges. A non-exhaustive list of these challenges is presented below:

Target model customisation Extensive efforts have been devoted in the
literature to localisation algorithms, to pre-learning a representation
of the object or to learning to detect specific classes of targets. Less
attention has been given to bridging the gap between generic and
target-specific models. An important open challenge is now to enable
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a video tracker to automatically customise the target model on-line,
thus reducing the burden on manually tagging the data and increasing
the flexibility of the algorithms.

Tracking in crowds The performance of state-of-the-art video trackers
tends to degrade with increasing number of interacting targets in the
scene or simply with their density. Another open challenge is therefore
the development of video-tracking algorithms that enable the analysis
of behaviours in unconstrained public scenarios, such as a train station
or a large square, where target might be only partially visible for long
observation periods.

Track-before-detect In multi-target video tracking it may be desirable to
merge the detection and the association steps into a single step where the
position of multiple targets is estimated directly from the image infor-
mation. Although similar algorithms performing track-before-detection
have been applied successfully to radar tracking, their application to
video tracking is still limited and a principled solution has to be found.

Multi-sensor fusion Multi-view geometry has been widely used to fuse
point measurements from multiple cameras or from multiple frames of
a moving camera. However, effective fusion of information from het-
erogeneous sensors (such as cameras capturing different portions of the
electromagnetic spectrum), especially when loosely synchronised and
aligned, is still an open area for research. The use of multiple sensors
in large-scale tracking opens up challenges in the management of the
computational resources and the definition of collaborative tracking
strategies that have to be scalable across large systems.

We hope these challenges will be taken up by researchers and practition-
ers for developing novel algorithms based on the potentials of video-tracking
applications in real-world scenarios.



FURTHER READING

For the reader who wishes to extend their knowledge of specific tracking prob-
lems and their current solutions, we list below other books covering various
aspects of tracking. Moreover, we also provide a list of review and survey
papers that cover the topic.

® Books covering specific video-tracking applications, such as eye tracking
and camera tracking:

— A.T. Duchowski, Fye Tracking Methodology: Theory and Practice,
London, Springer, 2007

— T. Dobbert, Matchmoving: The Invisible Art of Camera Tracking,
New York, Sybex, 2005

e Books covering specific approaches to video tracking, such as contour-
based trackers:

— A. Blake and M. Isard, Active Contours: The Application of Tech-
niques from Graphics, Vision, Control Theory and Statistics to Vi-
sual Tracking of Shapes in Motion, London, Springer, 1998

— J. MacCormick, Stochastic Algorithms for Visual Tracking: Proba-
bilistic Modelling and Stochastic Algorithms for Visual Localisation
and Tracking, London, Springer, 2002
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e Relevant review papers on video tracking include:

— A. Blake, Visual tracking: a short research roadmap. In Mathemat-
ical Models of Computer Vision: The Handbook, eds. O. Faugeras,
Y. Chen and N. Paragios, London, Springer, 2005

— A. Yilmaz, O. Javed, M. Shah, Object tracking: A survey, ACM
Computing Surveys, Vol. 38(4), 13, 2006

e A high-level mathematical perspective of the tracking problem, in general,
is given in:

R.P.S. Mahler, Statistical Multisource-multitarget Information Fu-
sion, Norwood, MA, Artech House, 2007

— A. Doucet, J.F.G. de Freitas and N.J. Gordon, Sequential Monte
Carlo Methods in Practice, London, Springer, 2000

B.D.O. Anderson and J.B. Moore, Optimal filtering, Englewood
Clifs, NJ, Prentice-Hall, 1979.

— A. Gelb, Applied optimal estimation, Cambridge, MA, The MIT
Press, 1974

— A. H. Jazwinski, Stochastic processes and filtering theory,
New York, NY, Accademic Press, 1970

Note that although this analysis does not extend straigtforwardly to
real-world video-tracking applications, the basic principles are useful for
a researcher or a practictioner interested in video tracking.

e A general overview of multi-target tracking techniques and algorithms
from the radar tracking world can be found in the following books:

— Y. Bar-Shalom and T.E. Fortmann, Tracking and Data Association,
New York, Academic Press, 1988

— S. S. Blackman, R. Popli, Design and Analysis of Modern Tracking
Systems, Norwood, MA, Artech House, 1999

— Y. Bar-Shalom and T. Kirubarajana, X.R. Li, Fstimation with Ap-
plications to Tracking and Navigation, New York, John Wiley &
Sons, Inc., 2002

— B. Ristic, S. Arulampalam and N. Gordon, Beyond the Kalman
Filter: Particle Filters For Tracking Applications, Norwood, MA,
Artech House, 2004

As the treatment of the multi-target problem is limited in the video-
tracking literature, principles from radar tracking can be valuable. Note
that in the second book in this list, video tracking is treated as one of
the many tracking applications.
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e Other relevant books from the radar tracking literature include:

— K. V. Ramachandra, Kalman Filtering Techniques for Radar Track-
ing, Boca Raton, FL, CRC Press, 2000

F. Gini and M. Rangaswamy, Knowledge Based Radar Detection,
Tracking and Classification, New York, John Wiley & Sons, Inc.,
2008

— E. Brookner, Tracking and Kalman Filtering Made Fasy, New York,
John Wiley & Sons, Inc., 1998

— M.O. Kolawole, Radar Systems, Peak Detection and Tracking,
Burlington, MA, Newnes, 2002

e Finally, the multi-camera tracking problem is briefly covered in:

— J. Omar and M. Shah, Automated Multi-Camera Surveillance: Al-
gorithms and Practice, New York, Springer, 2008

— Part 4 of: H. Aghajan and A. Cavallaro, Multi-camera Networks:
Principle and Applications, New York, Academic Press, 2009






APPENDIX A

COMPARATIVE RESULTS

This Appendix presents comparative numerical results for selected methods
discussed in Chapter 5 (Sections A.1 and A.2), Chapter 6 (Section A.3),
Chapter 7 (Section A.4) and Chapter 8 (Section A.5) of the book. The nu-
merical results are complemented by representative keyframes that exemplify
the performance of the various video trackers and the consequences of specific
algorithmic choices.

A.1 SINGLE VERSUS STRUCTURAL HISTOGRAM

A.1.1 Experimental setup

In this section we compare the results of using a single colour histogram (OH)
against the results of the structural histogram (SH) representation using three
localisation algorithms: mean shift (MS) (Section 5.2.1), particle filter in its
CONDENSATION version (PF-C) (Section 5.3.2), and the hybrid-mean-shift-
particle-filter (HY) described in Section 5.3.3.2.
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We select from the dataset presented in Section 9.7 six sequences contain-
ing 10 heterogeneous targets with different motion behaviours. The testbed
includes sequences with:

® highly manoeuvring targets:
— HD: one hand (Figure 9.18)
— BT: a tennis table ball (Figure 9.22)
— BF: a football (Figure 9.22)

e five slow pedestrians from Performance FEvaluation of Tracking and
Surveillance (PETS) dataset (Figure 9.9);

e H6: one head with background clutter (Figure 9.16, middle row)
e (OF: one off-road vehicle from an aerial sequence.

To enable a fair comparison, each algorithm is initialised manually using
the first target position defined by the ground-truth annotation. Colour his-
tograms are calculated in the Red Green Blue (RGB) space quantised with
8 x 8 x 8 bins. For the evaluation we use the lost-track ratio (A, see Sec-
tion 9.5.1), the overlap error (D, Eq. 9.17) and the normalised centroid error
(e, Eq. 9.7).

A.1.2 Discussion

Figure A.1 summarises the results for the three algorithms (i.e. MS, PF-C and
HY) with and without the proposed multi-part target representation (SH), by
displaying the average scores over the whole dataset. The complete results for
each sequence together with the standard deviations o over multiple runs are
available in Table A.1.

Figure A.1 shows that MS-SH, PF-C-SH and HY-SH (the algorithms using
the structural histogram representation) have better performance than their
counterparts (MS-OH, PF-C-OH and HY-OH) in terms of average lost tracks
()\), shape (D) and centroid (&) errors. Overall, the best algorithm is HY-SH.
In particular, SH improves the tracking performance when a target has a non-
uniform colour distribution (Table A.1). For example, HY-OH outperforms
HY-SH only on the small and uniformly coloured tennis-table ball (BT). Also,
due to the lower sampling of the subparts, the structural estimation of the
MS vector becomes more unstable than that based on a single histogram.
This problem can be solved by analysing the target and using a target-size
threshold under which the single-histogram representation should be used.
A few results of Table A.1 need further discussion: in HD HY-OH and HY-
SH have similar ), but HY-SH improves by around 20% in terms of D and
€; in the easier sequences H6 and OF, the track is never lost, but better
performance is achieved again on shape and centroid position estimation. A
visual comparison is shown in Figures A.2 and A.3. Unlike HY-OH, HY-SH



Table A.1

SINGLE VERSUS STRUCTURAL HISTOGRAM

Comparison of tracking performance between the structural
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representation (SH) with the single histogram (OH) for sequences with decreasing

complexity (from top to bottom). Results are reported for three localisation

algorithms: mean shift (MS), CONDENSATION (PF-C) and the hybrid particle-

filter-mean-shift tracker (HY), Bold indicates the best result for the corresponding
performance measure. Due to the deterministic nature of MS, the standard
deviation on the results is presented for PF-C and HY only. Reproduced with

permission of Elsevier [1].

MS PF-C HY
OH SH OH SH OH SH

A 0.46 0.44 0.30 0.25 0.02 | 0.03

ox 0.18 0.06 0.01 0.01

HD D 0.33 0.25 0.40 0.35 029 | 0.23

o op 0.03 0.02 0.01 0.00
z e 0.30 0.24 0.35 0.32 0.30 | 0.23
% o 0.02 0.01 0.00 0.00
2 A 0.84 0.68 0.40 0.43 0.10 | 0.14
2 o) 0.07 0.08 0.06 0.10
2| gr D 0.53 0.24 0.36 0.31 0.15 | 0.15
= op 0.06 0.06 0.02 0.01
>~ e 0.37 0.19 0.28 0.26 0.14 | 0.15
= e 0.03 0.03 0.02 0.01
= A 0.91 0.91 0.30 0.11 0.05 | 0.04
ox 0.37 0.21 0.05 0.02

BF D 0.15 0.13 0.30 0.30 0.25 | 0.25

op 0.09 0.05 0.02 0.01

e 0.18 016 | 0.17 | 0.17 0.19 0.19

e 0.02 0.02 0.01 0.01

A 0.26 0.31 0.17 0.02 0.16 | 0.01

o 0.04 0.02 0.06 0.00

D 0.28 0.22 0.26 0.20 0.25 | 0.20

PETS | 0.01 0.01 0.01 0.00

= g 032 | 024 | 024 | 015 | 023 | 0.15
= e 0.01 0.00 0.01 0.00
é A 0.04 001 | 0.01 | 0.01 | 0.01 | 0.01
o) 0.00 0.00 0.00 0.00

Heé D 0.25 0.18 0.20 | 0018 | 020 | 0.17

op 0.00 0.00 0.00 0.00

e 0.22 0.16 018 | 0017 | 019 | 0.16

e 0.00 0.00 0.00 0.00

A 0.00 | 0.00 | 0.00 0.02 0.00 | 0.00

o) 0.00 0.00 0.00 0.00

% OF D 0.26 0.25 0.29 0.29 028 | 0.25
= o 0.03 0.00 0.01 0.00
e 0.27 0.20 0.20 0.13 0.21 0.15

o 0.00 0.00 0.00 0.00
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Figure A.1 Comparison of tracking results between the target representation
with a single histogram (OH suffix) and the structural histogram (SH suffix). The
bar plots show the average performance scores over the targets in the evaluation
dataset. SH improves the tracking result for all the algorithms under analysis.

is not attracted to false targets with similar colour properties: the spatial
information introduced in the model avoids a lost track and improves the
overall quality (Figure A.2, left). HY-OH, using a single colour histogram,
generates wrong orientation and size estimates ( Figure A.3, left ) as the target
and the background have similar colours, and the representation is not able
to correctly distinguish the face. The spatial information in HY-SH solves this
problem (Figure A.3, bottom). Moreover, when a target is partially occluded
(Figure A.3) the spatial information improves the final estimate.

As for the computational complexity, we measured the running time of the
C++ implementation of the algorithms (Pentium 4, 3GHz, with 512MB of
RAM). For a fair comparison, we used H6, where none of the trackers fails.
Also, the complexity is linearly dependent on the number of pixels inside
the target area (Eq. 4.4); consequently, the results for H6, the largest target,
represent an upper bound over the dataset.

MS, PF-C and HY, using the single colour histogram representation on
the 3D state space, take 1.1 ms, 6.9 ms and 5.1 ms per frame, respectively;!
whereas using the SH representation, the values are 2.4 ms (MS-SH), 15.6 ms

IThe computational time measures were obtained using the C function clock and do not
include frame acquisition and decoding.
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Figure A.2 Sample tracking results for the test scenario PETS (frames 1520,
1625 and 1758 from the sequence Camera 1, training) using different target rep-
resentations: HY-OH (left) and HY-SH (right). Reproduced with permission of
Elsevier [1].

(PF-C-SH) and 15.9 ms (HY-SH). HY-SH, MS-SH and PF-C-SH are two
to three times slower than their single colour histogram counterparts. Bin
selection (i.e. evaluating b(.) in Eq. 4.4), the computational bottleneck, is
performed only once per pixel (for the histogram of the whole ellipse) as
the memory locations of the bins of the two corresponding overlapping parts
(Figure 4.8) can be obtained simply by incrementing the value of the pointer
computed for the whole ellipse.

A.2 LOCALISATION ALGORITHMS

A.2.1 Experimental setup

We evaluate the performance of the Hybrid-Particle-Filter-Mean-Shift tracker
(HY) against MS [2] and PF-C [3] using the classical colour histograms
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Figure A.3 Sample tracking results for the test sequence H6 (frames 715, 819,
and 864) using different target representations: HY-OH (left) and HY-SH (right).
Reproduced with permission of Elsevier [1].

defined in Section 4.3.2. Finally Particle Filter, CONDENSATION imple-
mentation (PF-C), and Hybrid-Particle-Filter-Mean-Shift tracker (HY) are
compared using 5D and 3D state models.

The state model is composed of target position, (u,v) and target size h in
the 3D case. Eccentricity e and rotation are added in the 5D case.

In this case we select from the dataset presented in Section 9.7 six sequences
containing 10 heterogeneous targets with different motion behaviours. The
testbed includes sequences with:

¢ highly manoeuvering targets:
— HD: one hand (Figure 9.18)
— BT: a tennis table ball (Figure 9.22)
— BF: a football (Figure 9.22)
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e five slow pedestrians from PETS surveillance scenario (Figure 9.9)
e [6: one head with background clutter (Figure 9.16, middle row)

e (OF': one off-road vehicle from an aerial sequence.
The parameter settings are described in the following:

e Colour histograms: RGB space quantised with NV, = 10 x 10 x 10 bins

e mean shift (MS) runs five times with the following kernel sizes:

— same size as the previous frame
— +/—5% of the size in the previous frame

— +/—10% of the size in the previous frame.

e The Gaussian noise on the state mj_; has standard deviations
oy =0, =17, o, =0.07, 0, =0.03 and oy = 5.0°. Note that the scale
change is a percentage, the position is in pixels and the angle in degrees.

e PF-C uses 150 samples on the 3D state space and 250 samples on the
5D state space.

e HY uses 25% of the samples used by PF-C.

e The number of MS iterations in HY is limited to three for each particle
to prevent the particles from converging on the maxima and to maintain
differentiation within the sample set.

A.2.2 Discussion

Table A.2 summarises the results for the three algorithms under analysis: MS,
PF-C and HY. Note that HY outperforms MS all over the dataset, except
for the target OF (D = 0.26 and 0.28 for MS and HY, respectively), thus
confirming the stability of MS on targets with a limited motion. Compared
with PF-C, a clear advantage of HY is when the state-transition model does
not correctly predict the behaviour of the target. In our PF-C implementation
using a zero-order dynamic model particles are denser around the previous
state position. The faster the target, the smaller the density of the particles
around it. HY eliminates this problem using the MS procedure, leading to a
largely improved performance for HD, BT and BF. As discussed in Chapter 9,
the low value of 7 returned by PF-C in BF has to be disregarded due to the
large performance gap indicated by A\. HY shows similar performance to PF-C
in tracking slow targets like those of sequence PETS, and targets H6 and OF.
The results of Table A.2, and the observation that HY uses 75% less particles
than PF-C, demonstrates our claim on the improved sampling efficiency of
HY compared to PF-C.
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Table A.2 Comparison of tracking performance for targets with decreased
complexity (from top to bottom). Bold indicates the best result for each
performance score. Reproduced with permission of Elsevier [1].

3D 5D
MS PF-C HY PF-C HY
A 0.46 0.30 0.02 0.33 0.05
o 0.00 0.18 0.01 0.16 0.10
HD D 0.33 0.40 0.29 0.43 0.29
- op 0.00 0.03 0.01 0.03 0.01
> 7 0.30 0.35 0.30 0.36 0.30
§ o 0.00 0.02 0.00 0.02 0.01
= A 0.84 0.40 0.10 0.37 0.08
o o 0.00 0.07 0.06 0.08 0.02
Z BT D 0.53 0.36 0.15 0.31 0.14
= op 0.00 0.06 0.02 0.04 0.01
> 7 0.37 0.28 0.14 0.27 0.13
= o 0.00 0.03 0.02 0.02 0.01
= A 0.91 0.30 0.05 0.46 0.04
o 0.00 0.37 0.05 0.42 0.02
BF D 0.15 0.30 0.25 0.25 0.25
op 0.00 0.09 0.02 0.12 0.01
i 0.18 0.17 0.19 0.15 0.19
o 0.00 0.02 0.01 0.03 0.01
A 0.26 0.17 0.16 0.23 0.19
o 0.00 0.04 0.06 0.05 0.04
D 0.28 0.26 0.25 0.31 0.31
PETS | 0.00 0.01 0.01 0.02 0.02
= 7 0.32 0.24 0.23 0.29 0.30
= o 0.00 0.01 0.01 0.02 0.02
E A 0.04 0.01 0.01 0.01 0.02
o 0.00 0.00 0.00 0.00 0.01
He D 0.25 0.20 0.20 0.28 0.24
op 0.00 0.00 0.00 0.01 0.01
7 0.22 0.18 0.19 0.19 0.19
o 0.00 0.00 0.00 0.00 0.00
A 0.00 0.00 0.00 0.00 0.00
o 0.00 0.00 0.00 0.00 0.00
% OF D 0.26 0.29 0.28 0.31 0.30
= op 0.00 0.03 0.01 0.03 0.01
i 0.27 0.20 0.21 0.21 0.21
o 0.00 0.00 0.00 0.00 0.00
A 0.42 0.20 0.06 0.23 0.06
g s 0.00 0.11 0.03 0.12 0.03
% D 0.30 0.30 0.24 0.31 0.25
: op 0.00 0.03 0.01 0.04 0.01
< 7 0.28 0.24 0.21 0.24 0.22
o 0.00 0.01 0.01 0.02 0.01
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Figure A.4 Visual comparison of tracking performance. Target BF, frames 1,
9, 18 and 52. (a): mean shift (MS); (b): particle filter (PF-C); (c): hybrid tracker
(HY). When the player kicks the ball, due to fast accelerations MS and PF-C lose
the target. By combining the two algorithms HY successfully tracks the object.
Reproduced with permission of Elsevier [1].

Sample results from the target BF are shown in Figure A.4. The target
is moving in unexpected directions with shifts larger than the kernel size.
Moreover, the target is affected by motion blur that decreases the effective-
ness of the MS vector. HY is more stable in maintaining the track of the
balls (Figure 5.12 (a)—(c)) and reduces by 75% and 83% the value of \ (see
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Figure A.5 Comparison of tracking results when varying the displacement ran-
dom noise (o, = 0,) of the motion model for the sequence HD (3D state space). It
can be seen that HY is more stable than PF-C (MS is shown as a reference).

Table A.2) for the two ball targets, respectively. In BT, PF-C recovers the
target after losing it, but then it fails again. In BF, MS and PF-C are not able
to track the ball, whereas HY is fast in reacting to the abrupt shift of the ball
(Figure A.4 (a)—(c)).

Figure A.5 shows the tracking results of PF-C and HY while varying the
values of the displacement noise of the motion model (o, = 0,). As a refer-
ence, the results of MS are also displayed. As the target performs abrupt and
fast movements, the sampling based on the predicted prior (PF-C) is highly
inefficient, whereas the particles concentrated on the peaks of the likelihood
(HY) produce a better approximation. As a matter of fact, the MS proce-
dure increases the stability of the algorithm with respect to the values of
the parameters.

To test the robustness of the algorithms we run the trackers on several
temporal subsampled versions of the sequence H6. This test simulates pos-
sible frame losses in the video acquisition phase, or an implementation of
the algorithm embedded in a platform with limited computational resources
(lower frame rate). The results (Figure A.6) show that HY is less affected
than MS and PF-C by a frame-rate drop.

A.3 MULTI-FEATURE FUSION

A.3.1 Experimental setup

We demonstrate the adaptive multi-feature tracker on a dataset composed of
12 heterogeneous targets extracted from nine different tracking sequences:
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Figure A.6 Comparison of tracking results when varying the temporal subsam-
pling rate of the input sequence with target H6. As the subsampling rate increases,
the movement of the object becomes less predictable; HY is more stable than PF-C
and MS, and achieves a lower A (lost-track ratio).

¢ six head targets (H1, H2, H3, Hj, H5 and H6)
e five pedestrians (P1, P2, P3, P4 and P5) and
¢ the toy target O1.

Sample frames with the targets are shown in Figure A.7.

The parameters of the tracker were set experimentally and are the same
for all the targets (the only exception is the standard deviation for H5, as
described below):

¢ The colour histograms are calculated in the RGB space with N.; =
8 x 8 x 8 bins.

® The orientation histograms are calculated using NN, ; = 32 bins.

e As all the head targets perform unpredictable abrupt shifts, the particle
filter uses a zero-order motion model x; = xp_1 + my, where the state
noise my, is a multi-variate Gaussian random variable with o}, ; = 0.05 -
hi_1, 0. = 0.021 and oy = 5°. 0, = 0, = 5 for all the targets except for
H5 where, due to the large size of the head, o, = o, = 14.

e The values of ¢ in Eq. (6.3) are set to o, = 0.09 for the colour, ¢, = 0.13
for the orientation.

e The particle filter uses 150 samples per frame.
® The time-filtering parameter 7 for adaptive tracking is 7 = 0.75.

¢ A minimum of 45 particles is drawn from distribution of each feature
(i.e. V/Nf = 03, with Nf = 2)
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Figure A.7 The targets of the evaluation dataset. (From top left to bottom right)
Head targets: H1, H2, H3, Hj, H5), H6; pedestrians: from PETS-2001 (P1, P2, P8
and P/, from CAVIAR dataset (P5); a toy bunny (OI1). IEEE © [4].

A.3.2 Reliability scores

Figure A.8 shows a comparison between the two versions of the reliability score
based on spatial uncertainty proposed in Section 6.3.3 (i.e. o* and o®) with
the existing reliability scores !, o and a® obtained by applying temporal
smoothing (i.e. Eq. 6.17) to Eq. (6.9) and Eq. (6.10).

By comparing the results on the complete dataset, the five scores achieve
similar performances on H5, H6 and P4, and present large error differences
in sequences with occlusions and clutter (H3, H4, P1, P2 and P3). In partic-
ular, o' and o leads to poor results compared to o, o and o in HS, H,
P1, P2 and P3. The two scores with faster variability (Figure 6.3) are also
less accurate, especially in sequences with false targets and clutter. In fact,
the more conservative score o results in a more stable performance on the
same targets.
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0.7

P1 P2 P3 P4 P5 o1

Figure A.8 Tracking results for different feature weighting strategies. The bars
represent the average error, the boxes represent the standard deviation of the error
and the error bars represent the maximal and minimal error on each sequence.
IEEE © [4].

The score o consistently yields to the lowest error and lowest standard
deviation across different target types and tracking challenges. In particular,
a large performance gap is achieved on H1, P2 and P3. This confirms the
observation drawn from Figure 6.3 described in Section 6.3.4: the score o’

is more accurate than o', o and o®, but performs worse than a*. For this
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Figure A.9 Comparison of head-tracking results for AMF-PFR, different fixed
combinations of the features with (MF-PFR) and without (MF-PF) multi-feature
re-sampling and the head tracker (SB) proposed in [5]. The average distance from the
ground truth (lines), the standard deviation (boxes) and the maximal and minimal
errors (error bars) are plotted against the weight given to the colour feature. For
readability purposes the error bars and standard deviations of the non-adaptive
algorithms are displayed only for MF-PF (comparable results are obtained with
MF-PFR). IEEE © [4].

reason, a! will be used in the following comparative tests as feature reliability
score in the adaptive multi-feature particle filter (AMF-PFR) adopting the
re-sampling procedure described in Section 6.3.

A.3.3 Adaptive versus non-adaptive tracker

Figure A.9 and Figure A.10 show the performance comparison between:

e AMF-PFR: the adaptive tracker
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Figure A.10 Comparison of tracking results for AMF-PFR and different fixed
combinations of the features with (MF-PFR) and without (MF-PF) multi-feature
re-sampling. The average distance from the ground truth (lines), the standard devi-
ation (boxes) and the maximal and minimal errors (error bars) are plotted against
the weight given to the colour feature. For readability purposes the error bars and
standard deviations of the non-adaptive algorithms are displayed only for MF-PF
(comparable results are obtained with MF-PFR). IEEE © [4].

e MF-PFR: the tracker with multi-feature re-sampling
o MF-PF: the tracker without multi-feature re-sampling
e SB: the elliptic tracker proposed by Birchfield [5].

The results related to MF-PFR and MF-PF are obtained by fixing a priori
the colour importance a.. Note the large performance improvements when
moving from single feature (i.e. MF-PF with o, =0 and o, = 1) to multi-
feature algorithms. It is worth noticing that the optimal working point, &,
of the non-adaptive trackers (MF-PF, MF-PFR) varies from target to target.
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For example &. = 0.3 in H1, while &. = 0.6 in H3. In these two cases MF-PF
and MF-PFR require manual tuning to achieve optimal performance, whereas
in AMF-PFR the adaptation is automated. Furthermore the error of AMF-
PFR is comparable with or lower than the best result of the non-adaptive
algorithms (MF-PF and MF-PFR).

On HI and H5 the error of AMF-PFR, is 17% and 5%, respectively, lower
than the error at the best working point of MF-PFR. Figure A.12 shows
sample frames on HI from the run with the closest error to the average: MF-
PF (left column) and AMF-PFR (right column). As the target changes scale
(the first two rows of Figure A.12 show a 1/4 of an octave scale change)
the scale of the filter is adapted. The numbers superimposed on the images
are the minimum and maximum of the standard deviation of the Gaussian
derivative filters that are used to generate the scale space. When the head
turns the adaptive weighting reduces the tracking error. On H6, although
AMF-PFR is more accurate than most of the fixed combinations of weights,
its performance is 5% worse than the best non-adaptive (manually set) re-
sult. In this sequence scale changes, illumination changes and a partial oc-
clusion occur; both colour and orientation models are unable to correctly
describe the target, and this results in a suboptimal adaptation of . In this
case, a larger pool of features could help to improve the effectiveness of the
adaptation.

The results on PI1, P2, P3, P/ and P5 (Figure A.10) show how the algo-
rithm adapts when one feature is more informative. The orientation histogram
of a walking person varies over time because of the swinging of the arms and
movement of the legs; hence the orientation histogram does not contribute
significantly to improving the tracker performance. By allowing time adap-
tation, AMF-PFR automatically achieves a performance that is similar to
the best fixed combination of the features. Figure A.13 (left column) shows
sample results on P4. AMF-PFR tracks the target despite the presence of
clutter with similar colours (the white car) and despite the occlusion gen-
erated by the lamp post. Similarly for O1 (Figure A.13, right column): the
occlusion generated by the hand is overcome thanks to the multiple hypothesis
generated by particle filter (PF) and to the adaptiveness of the target repre-
sentation.

Finally, the standard deviations and error bars in Figures A.9 and A.10
show that the error is more stable for AMF-PFR than for the non-adaptive
counterpart MF-PF. This is more evident in Hi1, H} and P3, where a small
variation of the weights results in MF-PF losing the track. For example, Fig-
ure A.11 shows the results of the worst run in terms of error on target H4:
MF-PF (left column) is attracted by false targets, and the track is lost dur-
ing the rotation of the head. Although AMF-PFR (right column) does not
accurately estimate the target size, the object is continuously tracked. More-
over, Figure A.9 shows also that AMF-PFR outperforms SB on all the six
head targets.
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Figure A.11 Sample results from the worst run on target H4 (frames 116, 118,
126 and 136). Left column: non-adaptive multi-feature tracking (MF-PF). The colour
contribution is fixed to 0.5, i.e. the value that gives the best average result on MF-
PF. Right column: adaptive multi-feature tracker (AMF-PFR). Note that MF-PF is
attracted to a false target, while the proposed method (worst run) is still on target.
IEEE © [4].
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Figure A.12 Sample results from the average run on target H1 (frames 82, 92,
100, 109, 419, 429, 435 and 442). Left column: non-adaptive multi-feature tracker
(MF-PF). Right column: adaptive multi-feature tracker (AMF-PFR). When the
target appearance changes, AMF-PFR achieves reduced tracking error by varying
the importance of the features over time. IEEE (© [4].
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Figure A.13 Sample results of the adaptive multi-feature tracker (AMF-PFR).
Left column: target P4 (frames 38, 181, 273 and 394). Right column: target OI
(frames 332, 368, 393 and 402). Due to the adaptive combination of colour and
orientation information and to the multiple-tracking hypothesis generated by the
particle filter the tracker can successfully overcome background clutter (left column)
and occlusions (right column). IEEE © [4].
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Figure A.14 shows how the information encoded in the simple represen-
tation used by SB (the edges sampled on the border of the object) can be
undermined by the edge-filter responses generated by the bookshelf in the
background. The performance improvement is attributable to the representa-
tion of the gradient based on the orientation histograms used in AMF-PFR,
which encode internal edge information that is less likely affected by clutter.

A.3.4 Computational complexity

In terms of computational complexity the adaptive tracker based on PF runs
on a Pentium 4 3 GHz, at 13.2 fps on HI (average area: 1540 pixels), 7.4
fps on P4 (2794 pixels) and 2.2 fps on H5 (10361 pixels). The computational
complexity approximately grows linearly with the target area. It is also worth
noticing that the complexity does not depend on the frame size, as the pro-
cessing is done on a region of interest around the target. AMF-PFR spends
60.3% of the time computing the orientation histograms, 31.1% on the colour
histogram, 7.9% on the recursive propagation of the particles and only 0.7%
computing the feature reliability scores. Also, the computational cost asso-
ciated to the orientation histogram could be reduced by using an optimised
implementation of the Gaussian scalespace computations [6].

A.4 PHD FILTER

A.4.1 Experimental setup

In this section we report on tests on real-world outdoor surveillance scenarios
of the multi-target tracking framework that uses the particle PHD filter. The
objective performance evaluation follows the VACE protocol [7]. A compre-
hensive description of the protocol is available in Section 9.6.1.2.

The parameters used in the simulations are the same for all test sequences
and, unless otherwise stated, they are the same for both face and change
detectors. The values of the parameters are empirically chosen and a sen-
sitivity analysis for these choices is given later in the discussion section.
The particle Probability Hypothesis Density (PHD) filter uses p = 2000 par-
ticles per target and 7 = 500 particles per detection. The standard devia-
tions of the dynamic model defining target acceleration and scale changes are:
Opu) = Opv) = Op(w) = 0, = 0.04. The standard deviations of the Gaussian
observation noise are: ,,w) = 0, = 0.15 for the change detector and 0.1
for the face detector. Larger spatial noise is used in the change-detector case as
we have to cope with the errors related to merging and splitting of the blobs.
The birth-intensity parameter defining the number of new targets per frame is
5 = 0.005. The number of observations due to clutter is set to ¥ = 2.0 clutter
points per frame. The missing detection probability pyy = 0.05 and the survival
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Figure A.14 Sample tracking results on target H5 (frames 200, 204, 218 and
247). Left column: elliptic head tracker (SB). Right column: adaptive multi-feature
tracker (AMF-PFR). Unlike SB, the gradient information used in the AMF-PFR
target model manages to separate the target from the clutter. IEEE © [4].
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probability ejz—1 = 0.995. The new-born particles are spread around the
detections with oy, = 04,y = 0,4y = 03,5, = 0.02 and oy, = 03y = 0.05. The
resampling strategy uses Ny = 7 stages. The number of resampled particles
for GMM clustering is pgy = 500 per target. Clusters with weight lower than
H = 1073 are discarded, while Ty = 0.5 is used to accept the cluster centres
as real targets. For data association, the depth of the graph is W = 50 and
means that the algorithm is capable of resolving occlusions for a maximum of
2 seconds with a 25 Hz frame rate.

A.4.2 Discussion

Table A.3 shows the performance comparison between the SDV dynamic and
observation models described in Section 7.6.1, and linear models with fixed
variances. Fixing the variances is equivalent to removing from Eq. (7.23) and
Eq. (7.24) all references to target width w and height h. The fixed values of
the standard deviations are chosen as a trade-off between large and small tar-
gets (O'n(u) =0uv) = 0Op(w) = Op(h) = 3 and Opp(w) = Opy(h) = 5) The tracker
with SDV models is better in terms of both precision and accuracy. Also,
the significance of the performance difference over the evaluation segments
is always below the 5% validation threshold. The trade-off selected for the

Table A.3 Performance comparison between the dynamic and observation
models with State Dependent Variances (SDV) and the models with Constant
Variances (CV). The two testing scenarios BW (Broadway church) and QW
(Queensway) are from the CLEAR-2007 dataset. The figures represent the
precision (MODP and MOTP) and the accuracy (MODA and MOTA) of the two
approaches. IEEE (© [8]

BW Qw

SDV CVv SDV Ccv

MODP Avg 0.537 0.530 0.382 0.377
Significance 5.55E-09 1.54E-02

MODA Avg 0.444 0.429 0.211 0.153
Significance 2.63E-04 7.33E-06

MOTP Avg 0.544 0.536 0.388 0.381
Significance 9.75E-08 3.37E-03

MOTA Avg 0.436 0.415 0.194 0.128
Significance 2.11E-06 1.28E-06




PHD FILTER 251

standard-deviation values is not appropriate near the extrema of the target
scale range. When a large object (i.e. 200 pixels wide) is partially detected, the
error associated with the observation z; may be several times larger than the
standard deviation. Similarly, while an acceleration of three pixels per frame
may be appropriate for a middle-size target, this value is large compared to
the typical motion of a pedestrian located in the camera’s far-field.

To quantify the change in performance when adding the PHD filter to the
tracking pipeline, we compare PHD-MT with MT, a tracker that performs
data association directly on the raw detections. Figure A.15 shows the dif-
ference in terms of evaluation scores between Multiple Target tracker based
on the PHD filter (PHD-MT) and Multiple Target tracker (MT). The last
set of bars in the two plots shows the average results over the segments. It
can be seen that the filtering of clutter and noise consistently improves both
accuracy and precision for all the evaluation segments in both scenarios. In
the video segments with higher levels of clutter and where tracking is more
challenging, the performance improvement is larger. Similar considerations
can be drawn by comparing the results of the two different scenarios. More
false-positive detections are generated by the change detector with QW; by
removing these false positives, the PHD-MT obtains larger improvements in
terms of evaluation scores than with BW (Figure A.15).

Figure A.16 shows accuracy and precision scores when we change the set-up
of the PHD filter parameters. Each plot was obtained by changing with a log,
scale one parameter at a time while fixing the rest to values defined at the
beginning of this section. It is interesting to observe that large variations in
tracking performance are associated with changes in the observation and dy-
namic model configuration (Figure A.16 for o,y and o,,,)). Too large or too
small noise variances result in insufficient or excessive filtering and produce a
drop in tracking accuracy. Also, decreasing p (i.e. the number of particles per
estimated target) reduces the quality of the filtering result as the approxima-
tion of the PHD propagation becomes less accurate. The PHD filter is less
sensitive to variation of the other parameters. Averaging over a large number
of targets produces a compensation effect where different parameter values
are optimal for different observation and target behaviours, thus returning
similar scores. Also, in the case of birth and clutter parameters (5 and 7),
low variability is associated with the fact that birth and clutter events are
relatively sparse in the state and observation spaces. When varying 7, the av-
erage number of clutter points per scan, the result is stable until 7 is grossly
overestimated. Similarly, only a small impact is associated with variations of
missing detection (py) and survival (ey;—;) probabilities.

A.4.3 Failure modalities

The PHD filter was incorporated in an end-to-end flexible tracking frame-
work that can deal with any detectors that generate a set of observations
representing position and size of a target. First, clutter and spatial noise are
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Figure A.15 Difference of tracking results between the multi-target tracker with
(PHD-MT) and without (MT) PHD filter. The bar plots show the evaluation
score difference between the two algorithms for all the evaluation segments in the
two scenarios of the CLEAR-2007 dataset. (a): BW (Broadway church); (b): QW
(Queensway). The last set of four bars shows the average difference over the seg-
ments of each scenario. Positive values correspond to performance improvements
achieved with the PHD filter. IEEE © [8].

filtered by the particle PHD filter. Next, clustering is used on the samples
of the PHD to detect filtered target positions. Then, the cluster centres are
processed by a data-association algorithm based on the maximum path cover
of a bi-partitioned graph.

The results on face, pedestrian and vehicle tracking demonstrate that it
is possible to use the PHD filter to improve accuracy and precision of a
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Figure A.16 Sensitivity analysis on the parameters of the PHD filter. Each plot
shows the average accuracy and precision scores on the Broadway church scenario
(BW) while varying one of the parameters (see Sections 7.5 and 7.6 for the definition
of the parameters). IEEE © [8].
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Figure A.17 Failure modalities of the particle PHD filter when using a change
detector. The red boxes are the observations and the green boxes are the output of
the PHD filter. Left column: inconsistent detections in the far field are interpreted
by the PHD filter as clutter and therefore removed. Right column: interaction be-
tween targets (object merging) generates a bounding box for a group of objects.
IEEE © [8].

multi-target tracking framework. However the quality of the filtering result
depends on how much the input detections match the assumptions necessary
to formulate the PHD recursion. Figure A.17 shows two examples of failure
modalities of the particle PHD filter. The close-up images in Figure A.17
(left column) show a first failure modality. The change detector generates for
the person in the far-field detections that are inconsistent over time. These
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detections are considered by the PHD filter as clutter and therefore elimi-
nated. Figure A.17 (right column) shows a sample result when one of the
assumptions of the PHD filter is violated (Section 7.5), i.e. the targets gener-
ate dependent observations. As the targets overlap, the change detector merges
the two blobs and produces one observation only. In this case the change of
size is outside the range of changes modelled as noise. When the targets split,
the delay introduced by the PHD filter generates a set of missing detections.

While splitting could be partially handled by enabling spawning from tar-
gets (Eq. 7.18), merging of observations poses a problem as the PHD was
originally designed to track using punctual observations just as for those gen-
erated in a radar scenario, where target interaction is weak. These problems
can be overcome by using a trained object detector (e.g. a vehicle detector),
within the same framework.

A.4.4 Computational cost

The computational cost of the particle PHD filter is comparable to that of
the two object detectors (Figure A.18). The graph-based data association
has low influence on the overall cost as the computation is based on posi-
tional information only. If more complex gain functions are used to weight
the edges of the graph (for example by comparing target appearances using
colour histograms), then the data association would significantly contribute
to the overall computational cost. The larger resource share claimed by the
particle PHD filter with the change detector, compared to the face-tracking
case, is mainly due to the larger average number of targets in the scene.
Figure A.19 shows the processing time versus the number of targets
estimated with the BW scenario. The processing time of the full tracker
(PHD-MT) is compared with that of the recursive filtering step
(PHD&GMM). The results are obtained with a non-optimised C++ imple-
mentation running on a Pentium IV 3.2 GHz. As the number of particles grows
linearly with the number of targets and the number of observations, the the-
oretical computational cost is also linear. The mild non-linearity of the curve

Tracking based on change detection Tracking based on face detection

67.6% 81.4%

@ Detector

B Particle PHD

0O GMM clustering
O Data association

0.5% 5.4% 0.2% 4.5% 13.9%

Figure A.18 Percentage of computational resources allocated to each block
of the tracker. The PHD filter requires fewer resources than the detectors.
IEEE © [8].
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Figure A.19 Processing time versus estimated number of targets in the scene
on a sequence from the CLEAR-2007 dataset. PHD-MT: full tracker; PHD&GMM:
PHD filtering and GMM particle clustering steps. IEEE © [8].

PHD&GMM is due to the fact that with a low number of particles the proces-
sor performs most of the operations using the cache memory. When the num-
ber of targets increases, the filter propagates more particles and the curves
become steeper as the cost is now associated with the use of off-chip memory.
Also, a larger overhead for PHD-MT is due to the non-optimal implementa-
tion of the object detector (0.5 seconds/frame), and not to the filter itself.
Furthermore, as most of the calculations necessary to propagate a particle de-
pend on its previous state only, the particle PHD is well suited for a parallel
implementation.

With an optimised implementation of the detector and a GPU (graphics
processing unit) or multi-core implementation of the PHD filter, the tracker
could achieve real-time performance.

It is of interest also to compare the computational time of PHD&GMM with
the hypothetical results of a particle implementation that propagates the full
multi-target posterior (FP). When one target only is visible, then the PHD
and the FP resort to the same algorithm (that takes 40 milliseconds/frame).
With multiple targets, because the dimensionality of the state space in FP
grows, an exponential number of particles is necessary to achieve a constant
density sampling. The computational time per frame of an FP implementation
would then be: 1.5 seconds for two targets, 40 minutes for four targets and
187 years with eight targets. In this case, the only feasible approach would
be to use a more efficient sampling method in an MCMC fashion [9]. Unlike
FP, the PHD filter limits the propagation of the particles to the single target
state space and thus achieves linear complexity.
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A.5 CONTEXT MODELLING

A.5.1 Experimental setup

In this section we demonstrate the contribution to video tracking given by
learning clutter and birth density with mixture models using a detector based
on background subtraction [10]. We assess the performance using a colour sta-
tistical change detector [10]. The tests are conducted on the scenarios from the
CLEAR-2007 dataset. In scenario BW we have selected a subset of sequences
(dataset code: 101) as the others present slightly different camera views.

We train the models on frame spans of the sequences where ground-truth
data used for testing is not available. We first run the tracker on the training
data with uniform clutter and birth intensities. We then extract birth and
clutter samples from the tracker output and use these samples to estimate
birth and clutter intensity models.

We compare the results of a tracker that uses context-based models of clut-
ter and birth intensity (CM) with the results obtained with uniform models
of clutter and birth intensity (UM).

The intensity magnitudes of uniform models of clutter and birth intensity
(UM) (7 and §) are the same as in the learning phase. We also compare these
two solutions with six other algorithms obtained by combining different clutter
and birth learning strategies:

e Al: GMM birth and uniform clutter intensities
e A2: uniform birth and GMM clutter

¢ A3: uniform birth and clutter, but magnitudes 7 and 5 estimated from
the data

e A4: clutter as in A3 and GMM birth
e A5: birth as in A3 and GMM clutter

e A6: GMM birth and clutter intensities, but with birth interactive data
collection, performed as for the clutter data.

A.5.2 Discussion

Figure A.20 shows sample results of CM with the QW scenario, where contex-
tual feedback improves the PHD filter performance. As low birth intensity (i.e.
strong temporal filtering) is estimated over the parking areas (Figure A.20),
false detections on the number plate are consistently removed (Figure A.20).
Compare these results with those of UM in Figure 8.3.

Figure A.21 shows a comparison of the CM and UM filtering results on
scenario QW. The detections corresponding to waving branches are filtered
out for a longer number of frames due to the feedback from the GMM
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Figure A.20 Filtering results of the particle PHD filter using learned clutter and
birth intensities (CM) on the same data as Figure 8.3(a) and (b). First row: tracker
output. Second row: the detections from a background subtraction algorithm are
colour-coded in red and the PHD output is colour-coded in green. Strong filtering
in a parking background area (left of the image) removes the false detections on the
number plate and prevents a false track.

clutter model (Figure A.21, second and third rows). Low clutter levels in-
stead are assigned to the platform regions, thus allowing the PHD filter to
validate after a few frames the coherent detections corresponding to a pedes-
trian (Figure A.21, first and second rows).

Figure A.22 compares the tracking results for the two scenarios from the
CLEAR-2007 dataset. The values of the bars are the percentage score differ-
ences with respect to the base-line tracker UM. In both scenarios the Gaussian
mixtures used to model birth and clutter intensities (CM and A6) outperform
the other models, especially in terms of accuracy. CM and A6 improve the
clutter-removal capabilities of the PHD filter, thus reducing false detections
and false tracks. This is also confirmed by the results in Figure A.23, obtained
by varying the values of clutter and birth magnitudes 7 and 5 in UM. In all
cases CM outperforms UM in terms of accuracy. This is true also for the
precision scores, except when the clutter intensity is overestimated. However,
in this case UM achieves slightly better precision than CM, but at the cost of
a large drop in accuracy (Figure A.23 (d)).

It is important to note that the curves produced by UM are stable around
their maximum values, as by changing 7 and 5 the filtering behaviour becomes



CONTEXT MODELLING 259

Figure A.21 Comparison of filtering results for the BW scenario. Left column:
tracker that uses learned clutter and birth intensities (CM). Right column: tracker
that uses uniform intensities (UM). False detections due to waving trees are more
consistently removed by using the Gaussian-mixture-based birth and clutter models
(red: detections; green: PHD filter output). IEEE © [11].

more suitable on one subset of targets but suboptimal on another. This leads
to similar performance scores. Also, the results in Figure A.22 show that,
given the same average intensity, the GMM density estimates improve the
performance with respect to the uniform distributions (compare CM with A3).
Both clutter and birth intensity models contribute to the final performance
improvement. However, clutter intensity trained with manually labelled data
achieves better results than CM birth intensity trained using the output of
the tracker (compare Al with A2, or A3 with A4). This is due to the fact
that the birth model must account also for track reinitialisations; the volume
of the state space where a birth event is likely to happen is larger and thus the
model is less discriminative than that for clutter. However, a more precise birth
model trained with manually annotated data (A6) leads to ambiguous results
(compare A6 and CM). On the one hand, when most false detections are
generated by background clutter, as in the QW scenario (Figure A.22 (b)), a
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Figure A.22 Comparison of tracking accuracy and precision on the CLEAR-2007
scenarios BW (a) and QW (b). The bars represent the score percentage difference
(i.e. performance improvements) with respect to the baseline algorithm using uni-
form birth and clutter models (UM). Each colour corresponds to an algorithm with
a different level of context awareness. CM: algorithm using the complete context
model. See the text for more details on the other algorithms (i.e. A1-A6). IEEE
© 1]

stronger birth constraint allows A6 to outperform CM in terms of accuracy. On
the other hand, when a large percentage of tracking errors is due to occlusions
and blob merging (as in the BW scenario), the same constraint prevents a
prompt reinitialisation of the tracks (Figure A.22 (a)).

The scores also show that the accuracy improvement in BW (Fig-
ure A.22 (a)) is larger than in QW (Figure A.22 (b)). Although QW is more
challenging than BW, as shown by the lower scores, most tracking errors in
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Figure A.23 Comparison of tracking performance when varying the birth and
clutter magnitudes (7 and 5) between the tracker with Gaussian-Mixture-based birth
and clutter intensities (CM) and the tracker with uniform distributions (UM). (a)
and (c): Scenario BW. (b) and (d): Scenario QW. IEEE © [11].

QW are not due to background clutter. In most cases, proximity between tar-
gets produces several target mergings and splittings, thus reducing the tem-
poral consistency across consecutive detections. In the BW scenario instead,
the motion of the branches generates a large number of false detections that
are consistently localised. By introducing contexual information, the model
adjusts the latency (i.e. the number of consecutive detections) necessary for
a target to be validated.
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