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Abstract

Today sports analysis systems draw the attention of many commercial entities
and are providing many opportunities for computer vision researchers to study
and develop automated sports analysis systems. The primary objective of a sports
video analysis is to interpret low-level visual features to high-level semantics that
can be understood by the end user. Although all sports video analysis systems are
based on similar principles at the low-level visual extraction, interpreting this vi-
sual information to high-level human understanding is extremely specific to the

sport in question.

This project is the very first attempt to evaluate the jockeys’ performance
from horse-race TV broadcasts. The aim of this thesis is to extract high-level
information from the horse race by automatically detecting and tracking jock-
eys, specifically at turning points of the race. However, detecting and tracking
of jockeys is extremely difficult. This is because in most horse-races there are
more than six jockeys and they closely follow each other to gain a leading po-
sition, consequently locating jockeys and maintaining their identities through a
video sequence is highly challenging due to the frequent occlusion. In addition,
the background in horse-race videos is continually changing, thus there is not
only background clutter but the jockeys themselves may be obscured by obsta-

cles such as trees, towers and bars.

To tackle these challenges, a context-aware analysis system is proposed. The
proposed system is developed based on deterministic reasoning which was ob-
tained by observing various horse races. One important property of horse-races
is the group dynamic behaviour of jockeys in the race. The jockeys race around

a circular track and the camera typically follows the jockeys, thus the jockeys rel-
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ative to each other tend to move as a slowly changing group. This homogeneous
characteristic of jockeys in the race is very useful, especially when local informa-
tion of jockeys is poor or abrupt due to occlusion or background clutter.

The proposed system combines multiple cues, such as local jockeys’ infor-
mation, background characteristics and group dynamic properties, to detect and
track jockeys around a turning segment of a horse-race. We demonstrate that
our proposed system can be generalized to work on other domains. The out-
line of the proposed model contains three modules; (1) scene analysis (2) jockey
detection and, (3) tracking and data association. The main objective of scene
analysis is to extract the turning segment in the race. The detection of jockeys is
accomplished by determining the location of each jockey’s cap. For the tracking
of the jockeys, we implement a robust hierarchical tracking scheme which itera-
tively adapts and updates itself by gathering the jockeys’ properties at each of the
point, object and group levels. To boost the tracking accuracy, data association
is applied as a multi-target management system to maintain multiple jockeys’

identities over time, to initialise the tracking and to terminate trajectories.
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CHAPTER

Introduction

1.1 Background

The advances of image sensors have enabled the deployment of video cameras
on various platforms such as surveillance systems, unmanned aerial vehicles and
mobile agents. The amount of visual information generated by an integrated im-
age sensor is huge and demands advanced computational methods to extract
the important information from the massive video databases. Automated video
analysis is a set of computer vision and machine learning techniques to automat-
ically extract information of interesting event from videos [Chung, 2010]. Tra-
ditionally, video surveillance was the researcher’s focus since the beginning of
video analysis study; however, with the improvement of processing power, the
application of automated video analysis has been deployed to many other areas,
including sports analysis [Barris and Button, 2008].

A comprehensive sports analysis system must solve three challenging com-
puter vision tasks: scene analysis, object detection, and tracking. The scene anal-
ysis is responsible for extracting important segments from the videos. Object de-
tection is necessary to automatically detect the object of interest in each frame,
and object tracking is important to maintain the identities of detected objects
over sequences of frames. It is worth noting that the application of scene analysis,

object detection, and tracking algorithms are not limited to sports analysis sys-




Chapter 1 Introduction

tems. These methods have been intensely investigated over past decades, nev-
ertheless, due to the various difficulties, they are not complete solution. These
problems are mainly caused by noise in images, illumination changes, back-
ground clutter, low contrast between the object of interest and the background
(camouflage), complex object motion, unpredicted camera motion and, most
importantly, occlusions [Maggio and Cavallaro, 2011; Needham and Boyle, 2001;
Chandel and Vatta, 2015].

The primary objective of sports video analysis is to interpret low-level vi-
sual features to generate high-level semantics that can be understood by the
end user. The complexity of a sports video analysis system depends on the se-
mantic level of interpretation which categorises into (1) event detection and (2)
high-level analysis [D’Orazio and Leo, 2010; Thomas, 2011]. Event detection al-
gorithms are designed to extract a particular event from the sport video, such as a
penalty or goals. A high-level analysis system usually deals with extracting high-
level semantics, such as contenders’ movement, player skill and team strategy.
The high-level semantic analysis should be able to solve two challenging tasks,
object detection and object tracking. One issue facing sport analysis system is
the interpretation of low-level visual futures to high-level human understanding
[Li et al., 2004]. Although, at low-level visual extraction, all sport video analysis
systems follow the same principle, interpreting this visual information to high-

level human understanding is extremely specific to the sport in question.

To interpret low-level visual features, the use of prior knowledge is needed.
Sport events have a well-defined content structure with predefined regulations
which are known to the audience in advance [Kompatsiaris et al., 2012]. The prior
knowledge can be grouped into two categories: production knowledge and do-
main knowledge [Li et al., 2004]. Production knowledge refers to the information
gained from the video production, such as the camera angle and shot type (e.g.

close view shot, far view shot). In contrast, the domain knowledge refers to the



1.2 Aim and Contribution

structure of the game or the property of the key event in the particular sport (e.g.
turning point in horse racing; penalty or corner in soccer).

What should be pointed out here is that most sports analysis systems are rule
based. These rules are obtain based on prior knowledge and they are specific
to the sport in question. Thus, it is necessary to investigate the structure and

regulation of the sport in question before developing any analysis system.

1.2 Aim and Contribution

Most sport analysis research is focussed on team sports such as soccer [Breit-
enstein et al., 2009; Liu et al., 2009], hockey [Cai et al., 2006] and baseball [Lien
etal., 2007]. These sports have a lot in common with surveillance systems, which
is a well investigated problem. However, the challenge here is that this thesis
addresses a sports structure that has not been studied before. In addition, the
level of difficulty for automated analysis of horse races is much greater in com-
parison to studied sports. By consulting with professional horse race analysers, it
was found that the approximate distance of the jockeys from the fence is one of
the key factors in evaluating contenders’ performance. This information is more
valuable at the turning points of the race, thus, the first task here is to obtain the
turning segments from the race, and then to extract the trajectory of contenders
from the turning segments.

To obtain the turning event, we propose a statistical motion analysis frame-
work to break down the video into shots and then identifies the turning segments
within each shot.

To extract the trajectory of contenders, we should address two challenging
computer vision tasks; (1) object detection and (2) object tracking. These tasks

are extremely difficult, especially in horse racing due to the variations in jockey

! Jockeys are the contenders in horse races.
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appearance, dynamic motion of camera and jockeys, changes of camera view-
points and the frequent occlusion of jockeys.

This project brings in high level contextual information to improve object
detection and tracking under highly dynamic environment. This high level infor-
mation is exploiting particular property of the horse races which helps to crack
the most challenging sports analysis systems that have been developed so far.
It is demonstrated in chapter 6 that the proposed system can be generalized to

work on other domains, such as tracking group of people.

1.3 Thesis Structure

The outline of our proposed model contains three subsystems, namely (1) scene
analysis (2) and contender detection (3) tracking and data association. In regard

to this outline, the rest of the chapters are organised as follows:

Chapter 2 presents a general overview of the proposed horse race anal-
ysis system. This chapter discusses the challenges and characteristics of
the horse race videos and outlines the main components of our proposed

model.

Chapter 3 reviews key scene analysis techniques and then introduces a
novel statistical motion analysis framework to retrieve the turning segments

from the horse races.

Chapter 4 studies object detection algorithms for the sport analysis system

and then discusses our framework for contender localisation.

Chapter 5 first reviews the tracking and data association techniques which
prove their reliability in various tracking application, and then proposes the
hierarchical multi tracking system to tackle the challenges of contenders

tracking in the horse racing.



1.3 Thesis Structure

Chapter 6 examines the robustness of the proposed tracking model and

then analyses the overall performance of developed horse race system.

Chapter 7 has closing remarks and provides recommendations for further

work.






CHAPTER

System Overview

The majority of sport analysis research is focussed on team sports, especially on
soccer [Breitenstein et al., 2009; Liu et al., 2009], hockey [Cai et al., 2006], baseball
[Lien et al., 2007] and American football [Atmosukarto et al., 2013]. Regardless of
the differences in the rules and regulations of these sports, all of them have rel-
atively similar structures and consequently follow similar capturing techniques.
For instance, the players in these games are moving on the pitch with uniform
colour; this characteristic solves many issues regarding player detection. The
opposite team have a contrasting shirt colour which greatly helps to handle the
occlusion between opposition team members (although the overlapping of play-
ers in the same team is a challenging task). Furthermore, good video footage of
wide and static views of the field that are suitable for both player detection and
tracking can be extracted from any of these broadcast videos. Lastly, player de-
tection can be considered a specific application of pedestrian detection, which
is a well investigated application. The challenges for horse race analysis is that
none of the above assumptions are valid; thus the level of difficulty in automated
analysis of horse races should be considered to be much greater. The difficulties

are as follows:

1- Motion complexity: In the race, the camera is generally moving constantly
to keep contenders in the camera view. Therefore the motion complexity is

not comparable to the static camera view.




Chapter 2 System Overview

Figure 2.1: Samples of two challenges that need to be dealt with in the horse race. The
left image shows the occlusion between contenders and the right image illus-
trates the occlusion by other obstacles about the race track.

2- Frequent occlusion: In most horse races there are more than six contenders
in the race and they closely follow other jockeys for aleading position. There-
fore there is much more occlusion of contenders with each other than in

team sports as can be seen in Figure 2.1.

3- Background clutter: The background is continually changing from one frame
to another; thus there is not only background clutter but also contenders
themselves may be obscured by obstacles such as trees, towers and bars

(right image in Figure 2.1).

In addition to the above problems, some contenders may be wearing similar

colours or have low contrast with the background.

2.1 Prior Knowledge

It is critical to know that sporting events have a well-defined content structure
with predefined regulations which are known to the audience in advance [Kom-
patsiaris et al., 2012]. This prior knowledge is critical in designing a sports anal-
ysis system. In this section we outline the information that can be gained from

production and domain knowledge of the horse race. This knowledge is repeat-



2.1 Prior Knowledge

edly recalled in subsequent chapters; henceforth for simplicity, they are referred

to by their index number.

K1:

K2:

K3:

K4:

K5:

Ke:

K7:

In sports which contenders race around a circular track, the camera typ-
ically follows the contenders. Therefore the motion of the background is

much greater than that of the contenders in the camera view.

The contenders in the race move in a row and behind one another. There-
fore as the camera tries to keep them in the centre of the view, they usually
spread vertically or horizontally in the middle of the frame where the mo-
tion and direction of their movement as well as the size of the contenders

are relatively equivalent.

Because it is a race along a track, the contenders relative to each other tend

to move as a slowly changing group.

The camera is positioned sufficiently far away from the race track, is fixed
in position and is rotated to follow the contenders along the race track; thus
the motion of the background in the camera view can be used as a reason-

able approximation of the group flow with respect to the real world.

As a consequence of properties K1 and K4, the trajectory of the group of
contenders in the real world is the opposite of the background trajectory in

the camera view.

At some point in the race, the camera might stop moving (normally only
at the end of the race). In this situation the actual group motion is used to

estimate the trajectory.

With regard to the most frequent view of the contenders with respect to
the camera view, the frame structure can be categorised into side, three-

quarter (3Q), and front views as illustrated in Figure 2.2. Furthermore, the
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¢) Sample front view frame structure

Figure 2.2: The most frequent frame structures a)side b)3Q and c)front.

flow of the contenders (trajectory) over a short segment of the video can be
classified into four motion models: side, 3Q, front, and turning, where the

ideal trajectories of these motion patterns are shown in Figure 2.3.

2.2 Outline of Proposed System

The approximate distance of the jockeys from the fence at the turning point of the
race track is one of the key factors in evaluating the performance of contenders in
horse racing. To extract this information we need to extract the frame sequences
around the turning points (turning segment), and then automatically detect and
track the jockeys around turning segments as illustrated in Figure 2.4. The out-
line of our proposed model contains three subsystems: (1) shot analysis, shot is

the continuous sequence of frames taken by a single camera, (2) contender de-

10



2.2 Outline of Proposed System
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Figure 2.3: The ideal trajectories of contenders over short periods of time are illustrated
by the dotted blue line, and the sample images show the frame structure at
start, middle and end of the shot.
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Figure 2.4: The main aim in this project is to extract the turning segment of the horse
race video and then automatically detect and track the jockeys around the

turning segment.

Tracking & Data
Association

t

Contenders Detection

t

Shot Analysis

.. Output Contenders Trajectory

..Output Cap Location

Output :  Shot Boundaries, Background Motion,
Camera Trajectory and Turning Segments

Figure 2.5: The proposed system is integrated from three subsystems and each one is
responsible for retrieving different semantics.

tection and (3) tracking and data association, which is shown in Figure 2.5.

The main objective of shot analysis is to extract the turning segment of the

race. For shot analysis we propose a statistical motion analysis framework to

find the shot boundaries, to identify the shot trajectory and finally to extract the

turning segments of the race. The detection of contenders is accomplished by

determining the location of the jockey’s cap in the frame using the Histogram of

12



2.3 Evaluation Method

Oriented Gradients (HOG) framework [Dalal and Triggs, 2005]. The cap shape is
selected as the main feature of the detection algorithm due to three main rea-
sons: firstly, they have a rigid and unique structure, secondly, the occlusion be-
tween the jockeys’ caps is much less than the other parts of jockeys, and thirdly,
the colours of the caps are usually different to the others, which reduces the un-
certainty of tracking under partial and full occlusion. For the contender’s trajec-
tory retrieval, we propose a robust hierarchical tracking scheme which combines
contender’s local information at each of the point and object levels with the con-
textual information, such as the background properties and group movement

characteristics of the contenders.

2.3 Evaluation Method

The proposed system contains three different algorithms namely scene analysis,
cap detection and contender tracking. To analyse the accuracy of these algo-
rithms, first the ground truth data (gold standard) must be created. The ground
truth data is manually built according to the task of each algorithm. With the
ground truth data and the output of the algorithm the following statistical mea-

sures are calculated:

* True positive (TP) or hit: An actual positive identified as positive.

False positive (FP) or false alarm: An actual negative misidentified as pos-
itive.
* False negative (FN) or missed: An actual positive misidentified as negative.

* True negative (TN) or correct rejection: An actual negative identified as

negative.

From TP TN, FPB, and FN, the recall and precision are estimated. The recall,

also called sensitivity, is the fraction of positive samples that are correctly de-

13



Chapter 2 System Overview

tected as positive, namely

TP
Recall = ———— . (2.1)
TP+FN

and precision, or the positive predictive value, is the fraction of positives that are
relevant given by
TP

Precision= —. (2.2)
TP+ FP

Note that the above evaluation methodology is only used in shot analysis
and cap detection. For analysing the performance of tracking of contenders a
different approach is discussed in the final evaluation in Chapter 6. In addition,
for shot analysis and cap detection our aim is to get maximum recall with best
possible precision. This is because getting a false negative is very costly, specif-
ically for shot analysis. This is because if we missed only one turning segment
in the race videos, we can not evaluate the performance of all contenders in that
segment. Considering that there is a maximum of four turning points in a race,

missing one segment can have a huge effect on the final performance evaluation.

14



CHAPTER

Scene Analysis

In a sports broadcast, the cameras and their viewpoints are frequently changing.
For example, in a short period, the camera might show a broad view of the field,
followed by a close-up of a player, and then move to the crowd reaction [Kapela
et al., 2015]. While a sports event can be a few hours in duration, it may never-
theless contain only a few interesting moments for a viewer or the professional
sports analyst. The main aim of scene analysis is to automatically extract impor-
tant moments from the video. Scene analysis systems usually start by breaking
down the video into shots and then analysing the shot to retrieve essential video
dynamic content [Bruno and Pellerin, 2002]. In the computer vision literature,
the first task is often called shot detection [Hanjalic, 2002; Hu et al., 2007; Deokar
and Kabra, 2014; Priya and Domnic, 2014], and the subsequent process is known
as event detection [Zhong and Chang, 2004; Li et al., 2004; Xu et al., 2009; Kapela
et al., 2015]. This chapter first reviews the significant approaches in shot detec-
tion, and event detection. Next the novel statistical motion analysis framework is
introduced to retrieve critical events of the horse-race broadcast videos includes

shot boundaries, background motion, and turning segment.

15




Chapter 3 Scene Analysis

3.1 Literature Review

Although, there is no literature has been found related to horse-race analysis, this
section reviews general principle of extracting information from the sport videos

which is very useful for building horse-race analysis framework.

3.1.1 Shot Detection

Shots are the continuous sequence of frames taken by a single camera. The basis
of any shot-detection method is the fact that frames surrounding a shot tran-
sition (shot boundary) display a significant change in their visual content [Han-
jalic, 2002; Zabih et al., 1995; Asghar et al., 2014]. The shot boundaries usually are
detected by finding the abrupt changes in the sequences of frames. These sudden
changes are recognized by estimating the similarity of the frame sequences and
if this similarity falls below a certain value a shot transition is taken to have oc-
curred. The frame similarity can be estimated using different approaches, such
as pixel comparison, histogram difference, edge ratio, and motion based models.
The pixel-based comparison methods [Zhang et al., 1993; Shahraray, 1995;
Boreczky and Rowe, 1996] count the total number of pixels that change consid-
erably from one frame to another, and the total number is compared with a pre-
defined threshold to identify the shot change [Boreczky and Rowe, 1996]. The
pixel by pixel comparison is too sensitive to light variation and camera or object
movement. Moreover, it is not accurate at identifying gradual shot transitions.
In the histogram-based approach the grey or colour histograms of two con-
secutive frames are compared, and if they differ by more than a certain amount,
then a change of shot has been identified. There are various histogram com-
parison methods reported in the literature such as bin to bin histogram differ-
ences [Mehtre et al., 1995], histogram intersection [Swain and Ballard, 1991], chi-

square comparison [Nagasaka and Tanaka, 1991] and Bhattacharyya distance

16



3.1 Literature Review

[Bhattacharyya, 1946]. Comprehensive evaluation of these methods are reported
by Dailianas et al. [1996] and Gargi et al. [2000]. The histogram-based methods
are more reliable than pixel comparison and give better results under gradual
shot transitions. However, they can miss the shot boundaries when two succes-
sive shots have similar colour distributions.

The edge based method [Zabih et al., 1995; Yoo et al., 2006] extracts the edges
for two consecutive frames and the similarity between the extracted edges de-
termine the shot boundaries. The Edge Change Ratio (ECR) proposed by Zabih
et al. [1995] is a well-known edge-based algorithm which uses Canny edge detec-
tion to abstract the edges of two consecutive frames, then detect frame dissim-
ilarity by looking at the maximum fraction of distinct edges in existing and in-
coming frames. Lienhart [1998] compared the performances of pixel, edge, and
histogram approaches. He showed that all of these methods are very reliable for
hard cut transitions, but, the detection of gradual transitions is not very precise.

Shot detection based on motion information [Bruno and Pellerin, 2002; Ka-
math et al., 2014] is based on the assumption that motion exhibit discontinuities
across shot boundaries, thus the frame to frame motion can be used to detect the
shot. In general motion information is very important in many computer vision
application such as shot analysis [Bruno and Pellerin, 2002; Kamath et al., 2014],
event detection [Lien et al., 2007] and object tracking. The motion information
refers to the displacement of intensity patterns which are usually acquired by
optical-flow techniques [Fortun et al., 2015]. The fundamental optical-flow equa-
tion is derived based on the assumption that the pixel intensity does not change

with a small displacement [Horn and Schunck, 1981], and is given by,

fx+dx;y+dy;t+dt) = f(x; 95 1), (3.1)

where f(x;y;t) is the intensity of the image at position (x, y) at time ¢, dx and

dy are x and y displacements and d is the time difference. There are two ap-
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proaches for optical-flow estimation: dense and sparse. In the dense model, the
motion field is built based on the velocity of all pixels in the image. Popular dense
optical-flow methods include those of Horn and Schunck [1981] and Szeliski and
Coughlan [1997]. The dense optical-flow algorithms usually have difficulty in cal-
culating flow in homogeneous regions or edges with orthogonal displacement.
Sparse optical-flow solves these issues by only operating on the points that have
strong gradients in both x and y direction. In the literature these points are called
corners. The corner detection methods themselves are a broad topic but use-
ful reviews are given by Tuytelaars et al. [2008] and Kerr et al. [2008]. The most
commonly used sparse optical-flow, called Lucas-Kanade (LK), was proposed by
Lucas et al. [1981].

Nguyen and Hwang [2002] used optical-flow to discover shot changes. They
extracted the motion vectors between two consecutive frame then calculated the
mean square prediction error (MSPE) and estimated how well the current frame

could be predicted from the last frame using,

N-

M-1
Z Y [0G, j)- PG, 1 (3.2)
=0 :0

,_4

MSPE = L]\/I
where O and P are the input and predicted grey-scale frames with N x M dimen-
sions.

Shot boundary detection using motion information is widely used in sport
applications. This is because most sports analysis systems also use motion fea-
tures to extract important event from a video. Motion information that has been

extracted for shot-detection can be reused in the event-detection stage.

3.1.2 Event Detection

The primary task of event detection is to identify and extract the key events from

a video. Event detection algorithms usually work by extracting key information
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from the video and matching that information with an expected template of the

sport event.

In earlier literature, multiple stage filtering was used to correlate the key in-
formation to specific events [Gong et al., 1995; Nepal et al., 2001; Ekin et al., 2003;
Zhong and Chang, 2004]. Recently, researchers have applied machine learning
methods such as neural network [Kapela et al., 2015; Montoliu et al., 2015], Hid-
den Markov Model (HMM) [Lien et al., 2007; Huang et al., 2009] and Support Vec-
tor Machine (SVM) [Ye et al., 2005; Sadlier and O’Connor, 2005] to classify the

extracted information with respect to expected template of the sport events.

The three key features that are widely used to characterise sport events are,

colour, structural information, and motion features.

The colour works because, the area surrounding the sports event usually has
a distinct and uniform colour, therefore the colour distribution in the frame gives
valuable information about the game (see Figure 3.1). Li et al. [2004] use the
colour property of soccer games to distinguish close-up from far-field views. This
model assumes the players are close to the camera when the frame is not domi-
nated by the green soccer field. Thus, they classified the close-up from far views
by counting the number of green pixels in the frame. In a similar approach Lien
et al. [2007] used the proportion of soil or grass regions to the player skin colour

to find the close-up shot in the baseball scenes.

The structural information is important because the playing field is usually
enclosed by distinct boundaries and shapes. These outlines are unique and have
specific meaning in that sport’s context. The position and arrangement of the
players gives important information about the game tactics (see Figure 3.2). At-
mosukarto et al. [2013] identified the offensive team in American football using
a presumption that the attacking team tends to be compactly located at the line

of scrimmage ! and there are at least five players near the ball in close proximity.

A line of scrimmage is a line which can not be passed until the next play has begun.
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Figure 3.1: Li et al. [2004] used the colour property of soccer games to classify different
camera views. [Source: Li et al. [2004], 2004, "Bridging the semantic gap in
sports video retrieval and summarization", Journal of Visual Communication
and Image Representation, 15(3), 393-424. Underneath permission.]

Atmosukarto et al. [2013] used background subtraction to extract the players in
the foreground and then line of scrimmage was identified in the area of the frame
where the image gradient density of the foreground is at the highest. Finally they
extract features from the offence regions to train a linear SVM and classify the

different offensive formations.

Movement in the field betrays other important visual features that can be
used to recognize action or tactical information. For instance, Lien et al. [2007]
identified "running" in baseball by finding the global motion in the frames. Mon-
toliu et al. [2015] used optical-flow to perform team activity recognition in Asso-
ciation Football. They manually divide the football pitch into ten cells and then
extract the velocity vector for each cell over four consecutive frames. These ve-
locity vectors are used to build a feature vector to analyse where and how players

move on the pitch.

Sports videos may also contain auxiliary information such as overlay text or
logos. These data can be used to detect a specific event or extract the game sum-
mary. For example, Pan et al. [2002] and Huang et al. [2009] used logo transition
to spot replay or slow motion in the video. There are various papers [Zhang and

Chang, 2002; Li et al., 2004; Kim et al., 2005] that used optical character recog-
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Figure 3.2: Structure of serving in tennis games [Zhong and Chang, 2004]. Playing field
is usually enclosed by distinct boundaries and shapes. In addition, the posi-
tion and arrangement of the players gives important information about the
game. [Source: Zhong and Chang [2004], "Real-time view recognition and
event detection for sports video", Journal of Visual Communication and Im-
age Representation, 15(3), 330-347. Underneath permission.]

nition (OCR) to extract the scoreboard or overlay data. Some approaches used
audio cues [Nepal et al., 2001; Huang et al., 2009] to extract exciting events within
sport. Nepal et al. [2001] used the crowd reaction to identify the occurrence of a
goal in a basketball game. Huang et al. [2009] obtained the shot audio property
to classify the video shot to speech, applause, ball hits, noise and music in tennis
video using a hidden Markov model (HMM).

This literature review showed that the procedure of extracting information
from the sport videos more or less follow a same principle, however interpreting
that information to high level understanding is extremely specific to the sport
in question. Therefore in designing scene analysis system the main issues that
should be considered are (1) which visual features can best represent the charac-
teristic of the event of interest and (2) how to interpret low-level visual informa-

tion to give high-level semantic information.
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3.2 Scene Analysis in Horse Races

The goal of this section is to extract the turning segments from within horse-race
videos. To achieve this goal the video should be broken down into the shots. Then
each shot is analysed separately to find turning points. Here a statistical motion
analysis scheme is proposed to detect the shots boundaries, find the background

motion and finally extract the turning segments.

3.2.1 Extracting Motion Information

As observed in section 2.1 properties K2 and K5, it can be concluded that accurate
estimation of background motion is the backbone of the proposed event detec-
tion system in horse races. Note, however, background motion estimation is not
an easy task, as there is other motion in the scene that is not background motion.

At each instant, motion vectors can be due to any of three different sources,

1. The moving or panning camera which creates background motion.
2. Contenders which produce foreground motion.

3. Noise sources such as artefact and light variation, which generate outlier

motion.

To get better estimates of background motion and to reduce the effect of
foreground and outlier motion, we split the video frame into N independent
and non-overlapping blocks (b), as shown in Figure 3.3. The frames are divided
into three by four equal blocks thus N = 12. Next, the motion vectors for each
block are obtained by using a pyramidal implementation of the Lucas-Kanade
(LK) optical-flow technique [Bouguet, 2001]. The LK procedure starts by extract-
ing corner points at frame n and then finds the corresponding location of these
corners in the next frame, n + 1. To detect corners, we used the model proposed

by Rosten and Drummond [2006].
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With the corner points g at frame n and their corresponding locations g’ in
frame n + 1, the motion vector, V, vector magnitudes, |V|, and the direction of
movement, 6, are calculated for all corners per block. Furthermore, the error
associated with each motion vector is approximated. The motion vector error,
e, is estimated by obtaining intensity differences between the 21 x 21 pixel patch
around the ¢g and the g’ and then dividing by the total pixels in the patch leading
to,

3
e=— ) (Wgi— Wy (3.3)
Wiz

where wy,; is the pixel intensity for the patch w, centred at corner g, and W is

the patch size.

Figure 3.3: Motion feature extraction procedure starts by dividing the frames into blocks
(left image) and then extracting the motion vectors in each block (red arrow
on the right picture).

3.2.2 Detection of Shot Boundaries

The motion vector around shot boundaries exhibit discontinuity [Bruno and Pel-
lerin, 2002; Nguyen and Hwang, 2002; Kamath et al., 2014]. This discontinuity
can be estimated by finding the error associated with motion vectors per block
using,

1 n
be==) ej, (3.4)
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where b, is the block error, e is the vector error (see Equation 3.3) and # is the
number of the motion vectors calculated in the block. If this error exceeds a cer-
tain threshold, continuity threshold, «, (see Section 3.3.1), it is assumed there is
no flow continuity in the block and the block is marked as invalid. Finally the
shot boundaries are identified when the total number of invalid blocks is larger

than the number of valid blocks in a frame.

3.2.3 Background Motion Estimation

Background motion is estimated based on the distribution of velocity angles.
Working with the angle distribution is more convenient than the magnitude or
joint magnitude/angle distributions, mainly because the magnitude can have
unbounded positive value, while the angles are limited in range. In addition,
the detected corners that are closer to the camera move faster than the ones that
are farther away. Therefore, while the background motion vectors tend to have
similar angles, the magnitudes fluctuate widely.

To improve the distribution, the angle of vectors with small magnitude are
excluded because they do not provide a reliable angle. Therefore the vectors with
magnitude less than one pixel, referred to as static vectors, V;, are filtered out. It
should be noted, referring section 2.1, K6, that at some points of the race the cam-
era may stop moving and as a result all the background vectors will be removed
according to the above rule. This can lead to a large error in background motion
estimation due to interpreting the contenders’ motion as background motion. To

avoid this miscalculation, the following condition is imposed on the system,

L
Static Camera = L—Vs > 0.5, (3.5)
1%

where "Static Camera" is the logical condition if the number of static vectors, Ly,,

are more than half of the total number of vectors, Ly.
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The distribution of angles, from the remaining motion vectors, is estimated
using a 72-bin histogram. The histogram bins are equally spaced at 5° across the
interval from —180° to 180°. Furthermore, any bin value that falls below 50% of

the histogram peak is set to zero. Let H; ; be the jth bin of histogram H in block

i, then
, —HHi'j —HHi'j =.5
— i,max i,max
e s (36)
Hi,max '

The angle distribution of the blocks with a greater number of background pixels
have less angle variation. It can be seen in Figure 3.4 the angle histogram of the
last two block, background blocks (bottem two subframes), only have one none-
zero bin in their histogram. Thus, the histograms of each block are weighted
by the contribution score (C), where the contribution score is the reciprocal of
the total number of zero bins in the histogram (H’). This weighting procedure is
reduced the contribution of the blocks that are affected by foreground and outlier
motions. The pictorial example of the weighted histogram and their contribution

to the final background motion estimation is shows in Figure 3.4.

Finally, by adding all weighted histograms, the optimal direction of the back-

ground motion vector, 8, is estimated using,

N
Oopt = Mode( Z ) 3.7)

where N is the total number of blocks and C; is the contribution score of the
j™ block. The optimal magnitude of background velocity vector, Vopt, is then
estimated by taking the average of all motion vectors that have same angle of

eop[.
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Figure 3.4: The main purpose of the weighting procedure is to reduce the contribution
of blocks that are affected by foreground and outlier motion. The size of the
red circles indicates the contribution of each block to the background motion
estimation.

3.2.4 Turning Segments Extraction

It is known from section 2.1, the flow of the contenders over a short segment of
the video is classified into four motion patterns: side, 3Q, front, and turning (See
Figure 2.3). To create trajectories with respect to these motion patterns, the Vj,,
is accumulated from start to the end of each shot. The visual demonstration of

the estimated motion pattern for one shot is shown in Figure 3.5%.

Furthermore each motion pattern is broken down into multiple curves and

2Figure 3.5 contains embedded video.
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Figure 3.5: The visual demonstration of the estimated motion pattern.

the motion direction of each curve segment is approximated using,

(3.8)

X(t+6) — Xt ’
where 6 is the step size, t is trajectory index. The trajectory index also indicates
the frame number in the video. Thus, for each motion pattern there is one feature
vector, T, which contains all motion directions of the curve segment namely, T =
{t0,T1,...,Tn}. The process of building feature vector (1) is shown in Figure 3.6.
Having vector T, the shot classification and turning segment extraction is
achieved by the building binary classifier tree as shown in Figure 3.7 and defining

three logical conditions of C1, C2, and C3 namely,

C1: If vector T contains at least one element with value of 90°, then the trajec-

tory is created by the front view camera or it contains a turning segment.

This page contains embedded video.
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=) 1 = [25,90,25]

Figure 3.6: Feature extraction process for turning extraction. The camera trajectory is
broken down into multiple curves and the tangent line to each curve is esti-
mated and placed into vector T.

Thus, the following condition is valid,

1 if (90—-e)<|T;l<(90+¢€)
Cl= (3.9)

0 elsewhere,

€ indicates the degree of freedom and it is set to 10°.

C2: If vector T contains few elements with value of 90°, then the shot can not
be a front view. This is because in the front motion pattern all directions of

curve segments should be equal to 90°. Thus, the following condition valid:

0 if K<£[(90—€)<|T,-|<(90+€)]
C2= 1=0 (3.10)

1 elsewhere,
where « is a predefined threshold value.

C3: To distinguished the side view from 3-Q the following condition is applied:

1 if (180—¢€) <|Tmodel V ITMmodel < (0+€)
C3= (3.11)

0 elsewhere,
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Turn Front  Side 3Q

Figure 3.7: The structure of the binary tree classifier that is used for shot classification.

where Tys,4¢ is the mode of vector T.

3.3 Preliminary Evaluation of Scene Analysis

3.3.1 Estimating Continuity Threshold

In order to find the proper value of the continuity threshold, «, for use with shot
boundaries detection in horse races (Section 3.2.2). The precision and recall are
examined for four different value of a, 6,6.5,7and 7.5, over twenty shots which
manually identified from five videos. As demonstrated in Figure 3.8, the optimal
range of a is between 6 and 6.5 and by setting a to 6.5 the shot detection algo-
rithm achieves best performance with recall of 1 and precision of 0.98. In this

evaluation the TP is the total number of correctly detected boundaries.

3.3.2 Turning Segment Extraction

The performance of the turning segment classification is affected by three pa-

rameters: step size, §, angle range, €, and k. In this evaluation € and « is set to
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Figure 3.8: Precision—Recall versus threshold value (a) indicating the optimal range of a
is between 6 and 6.5.

10 and 5 respectively. Next, the performance of the system is evaluated by using
precision-recall graph with five different 6: 7,11,15,19 and 23.

To build ground truth data turning segments of ten broadcast videos from
three racing sites were manually extracted. The detail of statistical measures are
tabulated in table 3.1. TP is defined by a detected turning point that falls within
the manually selected turning segments. The sample results of our proposed
turning point detection is illustrated in Figure 3.10.

It can be seen from of the precision-recall result in Figure 3.9, the classifier
performs best when ¢ is between 11 to 15 giving a recall of 1 and precision of 0.87.
It should be highlighted the algorithm in this range does not miss any turning
segments which is the main priority here. This is because in some races there are
only two turning points, thus missing one segment can have a huge effect on the

final performance evaluation.
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Table 3.1: The Statistical Measures for Ten Sample Videos with Five Different §

H1 1
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Figure 3.9: Precision-recall versus step size (9) indicated the optimal range of step size is
between 11 and 15.
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Figure 3.10: Sample results of turning point detection. The dotted blue line shows the
camera trajectory and the red dot shows the beginning of curve segments
that are perpendicular to their tangent line.
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CHAPTER

Detection of Contenders

Object detection or object localisation is a fundamental problem in computer
vision. The goal of object detection is to find the objects of interest in the im-
age. Background subtraction and machine learning approaches are two common
techniques used to extract object of interest from sport videos. Assuming the
foreground pixels belong to object of interest, the aim of background subtraction
is to identify a fragment of the frame that notably changed according to the back-
ground model [Piccardi, 2004]. The goal of machine learning approaches is to
recognise the object of interest among predefined object classes (e.g. human, car,
bicycle, ball). This task is achieved by learning the representation of objects from
annotated sample images. It is worth noting that machine learning approaches
are divided into classical model and deep learning approaches. Despite the re-
cent amazing progress in object detection using deep learning framework, there
is a paucity of literature on visual sport analysis using the deep learning con-
cept. This is mainly because deep learning algorithms are very dependent on big
image datasets [Li et al., 2015]. Considering that some sports can perform at any
time under a different environment and lighting conditions (spotlight, day, night,
sunny, cloudy, rainy) as well as pitch characteristic (clay, grass, carpet, etc.), col-
lecting videos that contain enough sample of all of these cases is very hard, espe-
cially in pure research studies. Thus, learning information from different kinds

of sports events is very challenging [Shih, 2017].
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This chapter briefly reviews common object detection techniques that are
employed in a sports analysis system, and then we will discuss our framework

for jockeys localisation in horse racing.

4.1 Literature Review

Assuming the foreground pixels belong to object of interest, the aim of back-
ground subtraction is to identify a fragment of the frame that notably changed
according to the background model [Piccardi, 2004]. The background model
is often represented by the colour or intensity distribution of the pixels across
the frame sequences [Piccardi, 2004]. Numerous background subtraction algo-
rithms have been proposed over the past decades, including running Gaussian
average [Wren et al., 1997], Gaussian mixture model (GMM) [Stauffer and Grim-
son, 1999], and temporal median filtering [Cucchiara et al., 2003]. According to
review articles [Piccardi, 2004; Hedayati et al., 2010; Sobral and Vacavant, 2014;
Higham et al., 2016] the GMM is one of the most reliable background subtrac-
tion methods. The GMM represents the colour or intensity distributions of pix-
els by a mixture of usually three or four Gaussian and any pixel that does not
fall within a defined distance of one of the Gaussian is considered to be a fore-
ground pixel. The GMM is used in various sports to extract the athlete from the
background. Li and Lihong [2014] detected contenders in speed skating using
the GMM from the three colour channels of R, G and B (see Figure 4.1). Gomez
et al. [2014] extracted the player in beach volleyball by building the background
model by applying the GMM on the grey scale images. In some particular en-
vironments when the object of interest are encompassed by the uniform colour
of the background, the background modelling is achieved by finding dominant
colours in the scene. Huang et al. [2007] detect soccer players by building the

colour models for playfield pixels and non-playfield pixels. These approaches
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s,

Figure 4.1: Li and Lihong [2014] detect contenders in speed skating using GMM and from
three colour channels of R, G and B. [Source: Li and Lihong [2014], "Research
of Background Segmentation Method in Sports Video", Indonesian Journal of
Electrical Engineering and Computer Science, 12(6), 4274-4282. Underneath
permission.]

usually used conventional segmentation algorithms, such as K-mean clustering,
colour indexing, and pixel comparison to distinguish between foreground pixel
and the background. Foreground detection using dominant colours is common
for player detection in the sports that are played out on uniform playfield; for
example, soccer [Huang et al., 2007; Hoernig et al., 2015], hockey [Higham et al.,
2016], American football [Gu et al., 2004] and tennis [Jiang et al., 2009]. In general,
background subtraction algorithms have decent detection accuracy in a simple
environment, however, they can not be used in video with a moving background.
In addition, the background model should be robust against illumination vari-
ation and small movements in the background (e.g. moving leaves, rain) [Sen-
Ching and Kamath, 2004].

The machine learning approaches consider object detection as the classi-
fication problem in which the goal is to recognise objects from known classes
[Amit and Felzenszwalb, 2014]. The general framework of machine learning-
based object detection consists of of two stages namely, learning stage and de-
tection [Li et al., 2015] as illustrated in Figure 4.2.

In the learning stage (left side of Figure 4.2), objects and non-object sample
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Learning stage Detection stage
Object Non-object Input image
(positive) (negative)
sample images sample images
Features Features
representation representation
Object classifier Trained object Object region
training model mlp  classification
Trained object Object
model Localization

Figure 4.2: The object detection framework for machine learning approaches.

images are collected. Next, the feature extraction algorithm is applied to map im-
age samples into feature space. Then, machine learning models are used to learn
the object representation models to classify the objects [Li et al., 2015]. Let the
object features be represented by vector X, and the object classes by c = {1,...,C}.
Then a maximising posterior probability (MAP) concept can be used to classify
the objects, so that the classification task is to estimate the posterior probabil-
ity, p(cIX) for all classes and then assign X to the class with maximum likelihood.
The classification is achieved either by constructing a model for each class (gen-
erative) or by finding the decision boundary in the sample space that is between

classes (discriminative) [Ulusoy and Bishop, 2006] (See Figure 4.3).

It has been shown by Jordan [2002] and Bouchard and Triggs [2004] with
a sufficient number of positive and negative samples, discriminative detection

accuracy is superior to generative models. Therefore if the aim is to find ob-
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Figure 4.3: The generative approach, left image, assigns the new sample, grey triangle,
to the closest class model, while the discriminative classification, right side,
used direct mapping by finding the boundaries between the classes C1, and
C2. The red line is classifying plane.

jects, such as a player or the ball, the discriminative approach is usually pre-
ferred. However, the generative approaches, such as Bayesian network and hid-
den Markov model (HMM), are broadly used in the sports event classification
where the data labelling is a difficult and exhausting task.

In the detection stage (right side of Figure 4.2), input images are mapped
into the same feature space and then the trained object model are used to find
objects in the frame. The basic detection process consists of scanning the image
using a predefined window size and then classifies each window as object or non-
object. This is typically done at multiple resolutions of the image pyramid to

detect objects at multiple scales [Amit and Felzenszwalb, 2014].

The list of studied papers for contender detection is tabulated in table 4.1.
As can be seen from the table, 4.1 the adaptive boosting (AdaBoost) [Freund and
Schapire, 1995] and support vector machines (SVM) [Boser et al., 1992] are widely
used for contender detection in sport. AdaBoost is constructed by utilising many
weak classifier algorithms. These weak classifiers usually are a cascade of the

simple operators (e.g. binary classifier and thresholds) which eventually give a
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powerful class discrimination result. AdaBoost is used extensively with Haar fea-
tures to detect various objects, such as the face [Viola and Jones, 2001], hand [Ong
and Bowden, 2004], ear [Islam et al., 2008] and pedestrians [Viola et al., 2005].
The SVM model tends to maximise the marginal distance between the classes
to find an optimal hyperplane that separates the classes in the feature space.
The margin is defined by estimating the distance between the closest points in
each class to the hyperplane boundary. The combination of HOG features and
SVM is very common in machine learning object detection approaches [Dalal
and Triggs, 2005].

The majority of publication on player detection focus on team sports, espe-
cially on soccer [Breitenstein et al., 2009; Liu et al., 2009], hockey [Cai et al., 2006],
baseball [Lien et al., 2007] and American football [Atmosukarto et al., 2013]. Itis
worth noting that, in all of these sports the players are encompassed by the uni-
form colour of the background pitch. Furthermore, good video footage of wide
and static views of the field that are suitable for player detection can be extracted
from any of these broadcast videos. Lastly, player detection can be considered as
a specific application of pedestrian detection which is a well investigated topic.
The challenges for horse race analysis is that none of the above assumptions are
valid and the jockeys’ appearance is quite different than the players in the studied

papers.
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Table 4.1: Significant literature On Object Detection in Sports

Detection Classification
Year Authors Sport Feature
Approch Method
Indoor Colour
2001 | Needham and Boyle Dominant colour -
soccer (HSI)
2005 Bertini et al. Soccer Machine learning Haar-like AdaBoost

Dominant colour &
2006 Zhu et al. Soccer Colour (HSV) SVM
Machine learning

2007 Lehuger et al. Soccer Machine learning Haar-Like AdaBoost
2007 Huang et al. Soccer Dominant colour Colour (RGB) -
2009 Jiang et al. Tennis Dominant colour Colour (HSV) -
2009 Luetal. Hockey Machine learning Haar-like AdaBoost
Dominant colour & Colour &
2010 | Mackowiak et al. Soccer SVM
Machine learning HOG
2011 Salehifar et al. Volleybal Background subtraction Intensity -
2011 Tran et al. Soccer Dominant colour Colour (HSI) -
Diving,
2013 Zhang et al. Long jump, | Background subtraction Intensity -
Speed skating

2014 Li and Lihong Speed skating | Background subtraction | Colour (RGB) -

Beach
2014 Gomez et al. Background subtraction | Intensity -
volleyball
2014 Pettersen et al. Soccer Background subtraction Intensity -
2015 Reno et al. Tennis Background subtraction Intensity -
2015 Mahmood et al. Baseball Machine learning Haar-like AdaBoost
2016 Zhao and Lu General BGS (RGA) Intensity -
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Chapter 4 Detection of Contenders

4.2 Localisation of Contenders

To locate the jockeys, in the turning segment of the race videos, the histogram
of oriented gradients (HOG) framework proposed by Dalal and Triggs [2005] is
used. Dalal and Triggs [2005] demonstrated that HOG feature representation of
object, human, and a Linear SVM could give highly accurate object classifiers for

human detection.

4.2.1 HOG Framework

The main idea behind HOG features is that local object appearance and shape
can often be characterised rather well by the distribution of local intensity gradi-

ents or edge directions [Dalal and Triggs, 2005] as illustrated in Figure 4.4.

Block

Figure 4.4: HOG characterise the object by the distribution of local intensity gradients
or edge directions. The image illustrates the edge directions in each cell of a
jockey’s cap sample.

The first stage in HOG feature extraction is to divide the sample images into

blocks, then each block is divided into smaller regions, called cells. The blocks
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4.2 Localisation of Contenders

can overlap each other so that the same cell can contribute to several blocks. The
amount of overlapping depends on block stride. Next, for each pixel within the
cell, the vertical and horizontal gradients are obtained using Sobel operators. The

gradient magnitude (g) and orientation () are calculated using

g=1/Gi+Gs, 0 = arctan (%) (4.1)

where G, is vertical and G, is the horizontal gradient. Each point in the cell casts
a vote into the gradient-orientation histogram bins with gradient magnitude as
the weight. The orientation range of the histogram can be unsigned, from 0 to
180° or signed from 0 to 360°. To reduce the sensitivity the gradient energy inside
the blocks are normalised. Two typical normalisation are L1-norm and L2-norm

which define as

v v
Ll—norm:— — v, L2 —-—norm: ———— — v, (4.2)

Iol+e N
where || v is k-norm for k=1; 2 and v is the descriptor vector in block, and € is a
small positive number.

In the classification step normalised histograms are fed to linear SVM as
shape descriptor to train the object model. Finally, in detection stage the scan-
ning window is moved across the image to all positions and scales to locate the

object of interest as shown in Figure 4.5.

4.2.2 Labelling

Clearly, the first stage of any classification model is to gather enough samples, so
8000 non-cap and 2000 cap templates were manually cropped from the turning
segments of the race videos. Some of the positive and negative samples in the

database are shown in Figure 4.6. Negative samples (non-cap) can be any tem-
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Figure 4.5: The detection process consists of scanning the image using a predefined win-
dow, yellow box, at all positions and different scales.

plate that does not contain a cap. The positive sample (cap) is represented by a
square box, where the cap is located at the centre of the box with a margin of half
a cap width around the caps as shown in Figure 4.7. It should be noted that this
dataset is used to train the classifier (left side of Figure 4.2), to evaluate the accu-
racy of detection (right side of Figure 4.2) all cap locations inside 100 frames are
manually marked for testing. The test dataset is used to optimize the accuracy of

cap detection algorithm (see Section 4.2.3).

4.2.3 Finding Optimal Parameters

Parameters such as sample image size, block size, cell size and block stride were
originally used to model human shape [Dalal and Triggs, 2005]. However, the

intention here is to find the contenders by locating the shape of a jockey’s cap,
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4.2 Localisation of Contenders

Figure 4.6: The cap templates for the positive sample , left image, are represented by a
square box. Negative samples (non-cap) can be any image that do not con-

tain a cap.

Figure 4.7: The cap is located at the centre of the box with margin of half a cap width
around it.

thus new HOG parameters should be estimated.

The shape of the jockey’s cap is selected as a feature due to three main rea-
sons: firstly, they have rigid and unique structure. Secondly, occlusion between
the jockeys caps is much less likely than the other parts of jockeys and thirdly,
the colour of each cap is usually different to the other caps, which reduces the
uncertainty of tracking under partial and full occlusion.

As mentioned in Section 2.1, production knowledge is critical in designing

a sports analysis system. Production knowledge refers to production techniques
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Chapter 4 Detection of Contenders

that are used for capturing videos, such as the camera angle and shot type (e.g.
close view shot, far view shot). Specifically in our case, finding the most probable
distance of the camera to the contenders at the turning points of the horse-race

is important due to two reasons:

1. For training the SVM,; all training samples should be of same size, therefore

finding the proper sample size is important.

2. Inthe detection stage the predefined window is scanned across the image at
multiple resolutions of the image pyramid to detect caps at multiple scales,
so by knowing the approximate size of the cap in the frame the detection

accuracy can be increased (see section 4.2.4).

It is impossible to find the actual distance of the camera to the contenders
from broadcast videos. However, considering that the positive samples are built
from 2000 cap images that were extracted from various races, the most frequent
appearance of the cap sizes around turning segment can be estimated by finding
distribution of cap sizes from the positive samples. This distribution shows the
most probable cap sizes fall between 28 x 28 to 32 x 32 square pixels with the
minimum cap size of 16 x 16 and maximum of 44 x 44 square pixels as illustrated
in Figure 4.8.

In the learning stage and based on information in Figure 4.8, four different
models are trained by SVM. The property of these model are tabulated in table
4.2.

To evaluate the accuracy of detection, the testing data set is built by manu-
ally marking all cap locations inside 100 sample frames. These test images are se-
lected from 10 race videos with three different lighting conditions (cloudy, sunny
and night). Next, two different scanning window with size of 32x32 square pixels
(for Models 1 and 2) and 28x28 square pixels (for Models 3 and 4) are scanned

across test images to locate the caps inside each image. The respond of detection

44



4.2 Localisation of Contenders

Distribution of Cap Size from Training Data Set
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Figure 4.8: Distribution of the cap sizes around turning points in regard to the camera
view. The most probable cap size falls between 28 x 28 to 32 x 32 square pixels.

is consider correct if the centre of detected bounding box lays inside the manu-

ally marked cap location (TP).

The precision-recall curve for each model with different hit threshold is illus-
trated in Figure 4.9. The hit threshold is the distance between features space and
the SVM classifying plane. Increasing hit threshold moves the classifying plane

towards the positive feature space. The hit threshold is varying from 0 to 2.

It can be seen from Figure 4.9 the cap detection is best with the Model 2
and 3. However, Model 3 is faster for detection in comparison to Model 2 due to
smaller features vector (see last column of table 4.2). Thus the parameters listed

in Model 3 are the optimal parameters for detecting of the cap of jockeys.
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Table 4.2: The Properties of Four Trained models

Model Parameter
Box Size | Block Size | Cell Size | Block Stride | Feature Vector Size
1 32x32 16x16 8x8 8 324
2 32x32 8x8 4x4 4 1764
3 28x28 8x8 4x4 4 1294
4 28x28 4x4 2x2 2 6084

Detection Performance Using Precision-Recall
for Four Trained Models

1.0 ~— —_—
0.8
S 0.6
N
K
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—
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0.21 —— Model 2
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—— Model 4
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0.0 0.2 0.4 0.6 0.8 1.0
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Figure 4.9: The detection performance of four trained models by varying hit threshold
from 0 to 2. Models two and three (blue and red line) give the best perfor-

mance.

4.2.4 Optimization

Objects are always embedded in a certain context. Contextual information plays

an important role in any video analysis and image understanding applications.

The cap detection algorithm discussed in Section 4.2.2 did not consider any con-

textual information. Therefore to improve the detection accuracy we merge two
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contextual constraints as follows;

1: It is shown in Figure 4.8 that the maximum cap size at turning points is
44 x 44 and the minimum is 16 x 16 square pixel. Any detection above or

below these cap sizes are considered a false positive.

2: property K2 of section 2.1: The contenders in the race move in a row and
behind one another, so the motion and direction of their movement as well
as size of the contenders are similar. Thus, in each turn, the cap size of each
contenders should be similar with a little variation, so that any caps bigger
or smaller than one-third of median width of detected bounding boxes is

considered a false positive and filtered out.

The detection performance of Model 3 before and after contextual filtering
is shown in Figure 4.10. As we expected the precision is improved after apply-
ing contextual filters by decreasing the false positive. The images in figure 4.10
visually demonstrate the effect of filtering before and after applying contextual

constraints.
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Detection Performance Using Precision-Recall
Before and After Applying Contextual Filtering on Model 3
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Figure 4.10: Detection performance using precision-recall before and after applying
contextual filtering on Model 3. As It is expected the precision is improved
after applying contextual filters.

Figure 4.11: The left image shows the detection result before contextual filtering and the
right image illustrated the final result after applying contextual filtering. It
is shown the false positive (red boxes) are removed by contextual filtering.
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CHAPTER

Tracking and Data Association

Over the last few decades an enormous amount of study has been dedicated to
object tracking [Yang et al., 2011]. Object tracking remains a challenging topic in
computer vision due to problems caused by changes in size or pose of the ob-
ject, noise produced by the image acquisition, variation of light, occlusion and
background clutter [Yilmaz et al., 2006; Maggio and Cavallaro, 2011]. Moreover,
the complexity of the tracking is increased if multiple moving objects are tracked.
This is because locating targets and maintaining their identities through a video
sequence is a highly challenging problem in crowded environments. The prob-
lems of multi-target tracking are normally solved by data association techniques
[Yang et al., 2011; Betke and Wu, 2016]. Data association deals with the problems
of selecting measurements that most probably originate from the object to be
tracked [Bar-Shalom and Tse, 1975; Bar-Shalom et al., 2009]. The main challenge
of data association approaches is the detection of unknown time-varying targets

from a set of noisy and uncertain measurements [Maggio and Cavallaro, 2011].

This chapter first reviews the tracking algorithms and data association tech-
niques which proves their reliability in various tracking applications and then
we propose our hierarchical multi tracking system to tackle contenders track-
ing in horse races. To overcome the difficulties that exist in the horse race envi-
ronment we propose a multiple object tracking system that gathers information

from multiple cues such as the background characteristic, local contender infor-
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mation (appearance and motion features) and the behaviour of contenders in

the group.

5.1 Literature Review

5.1.1 Tracking

Primitive tracking systems use background subtraction approaches to separate
the foreground from the background, and tracking was then performed by en-
forcing spatial continuity using Kalman filtering [Seo et al., 1997; Han et al., 2005].
Colour-based trackers, such as mean-shift [Comaniciu and Meer, 1999] and par-
ticle filtering [Blake and Isard, 1997], have achieved considerable success in many
tracking applications. Particle tracking is a process of propagating the posteriori
distribution of the reference target, according to a system dynamic model. Pérez
etal. [2002] and Nummiaro et al. [2003] proposed two independent solutions that
couple the colour information of objects with the dynamic model of the system.
Particle tracking is successfully implemented in various sports, such as indoor
soccer [Needham and Boyle, 2001; Morais et al., 2012], soccer [Zhu et al., 2006;
Tran et al., 2011], beach volleyball [Gomez et al., 2014] and hockey [Okuma et al.,
2004; Lu et al., 2009].

Mean-shift is a non-parametric technique for finding the mode of a proba-
bility density function by using gradient descent or ascent [Comaniciu and Meer,
1999] to find the local minima or maxima of a distribution by iteratively descend-
ing or climbing the density gradients until the point of convergence has been
found. In statistics, mean-shift is considered a robust statistical technique. These
models are labelled robust because they are less affected by outliers and small de-
viations from the model assumptions [Hampel et al., 2011]. In computer vision

applications, the mean-shift was originally employed by Comaniciu and Meer
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[1997] for segmentation purposes, and later Bradski [1998] utilised the mean-
shift framework for tracking applications. The mean-shift tracker model calcu-
lates the centroid of the colour probability distribution within its 2D tracking

window, then moves the window centre to the centroid of distribution.

Although the mean-shift tracker gives reasonable accuracy in a wide range
of environments, it is prone to failure, when 1) the object and background have
similar features causing gradient descent to get stuck in local minima, and when
2) the object is completely or partially occluded, the object likelihood is reduced
leading to convergence to the wrong point. Various adaptations have been made
on mean-shift to solve the above difficulties. Comaniciu et al. [2000] used the
weighted probability distribution in order to assign higher weighting to pixels
nearer to the centre of the window, based on the assumption that the foreground
pixel is more likely selected near to the centre of the tracking window rather than
its border. Allen et al. [2004] introduced a background-weighted histogram by
assigning lower weight to colour features that belong to the background. The
background weighted-histogram weights the probability distribution by consid-
ering the distribution ratio between background colour (pixels outside the track-
ing window) and the foreground colour (pixels inside the tracking window). Dixit
and Venkatesh [2009] and She et al. [2004] handled partial occlusion by combin-
ing edge and colour features. Mazinan and Latifi [2012] solved the full occlusion
problem when the object moves with constant speed by combining mean-shift

with Kalman filter.

Optical flow-based trackers estimate the motion flow of moving objects to
estimate the object displacement into the next frame. The median flow (MF)
proposed by Kalal et al. [2010] is a good example of an optical flow-based tracker.
MF trackers start by extracting sample points in the rectangular grid inside the
bounding box of the object of interest. Next, these points are tracked by the

LK tracker, and object movement is approximated by finding the median dis-
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placement of these sample points. The optical flow based tracking algorithms
are highly sensitive to occlusion. Therefore optical flow is usually combined with
other tracking algorithms such as mean-shift and Tracking-By-Detection to han-
dle occlusion. Hou and Li [2011] modelled the object and background motion us-
ing the LK sparse optical flow to track camouflaged objects. Oshima et al. [2006]
proposed a single object tracking system for a static near-infrared camera. They
embedded object flow information into the mean-shift tracker, where localisa-
tion is achieved by applying gradient ascent on the combination of magnitude,

flow and colour features space.

Recently the tracking-by-detection algorithm has become popular for object
tracking [Wu et al., 2015]. Tracking-by-detection has also been used in specific
sports such as basketball [Lu et al., 2013], hockey [Okuma et al., 2004] and soccer
[Breitenstein et al., 2009; Liu et al., 2009]. The methodology behind these mod-
els are similar to the discriminative object detection which consists of training a
classifier to predict the presence or absence of the target in the frame. Given an
initial object location, the goal of tracking-by-detection algorithm is to train on-
line a classifier to distinguish the tracked object from the background. During
tracking the initial sample space is updated and the classifier is retrained, so at
each instant, the sampling space can be written as {x;, x;,..., X/, X5, X[ ,..., X/},
where the x; and x; are the positive and negative samples at time ¢. There are
various classifiers already integrated into the tracking-by-detection framework.
Support vector tracking [Avidan, 2004] used the SVM classifier to distinguish
foreground motion from the background. Kalal et al. [2012] proposed the long-
term tracking task based on boosting classifier. The classifier is updated using all
extracted appearances up to currant frame that passed the variance filter. Hare
etal. [2016] employs the structured SVM to directly link the target’s location space
with the training samples to reduce the training time. Kernelised Correlation Fil-

ters (KCF) tracker proposed by Henriques et al. [2015] achieves the fastest and
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highest performance among the recent top-performing tracking-by-detection al-
gorithms [Li and Zhu, 2014]. The key to the KCF tracker is that the augmenta-
tion of negative samples are employed to enhance the discriminative ability of
the track-by-detector scheme while exploring the structure of the circulant ma-
trix [Henriques et al., 2012] for high efficiency.

Wu et al. [2015] performed a comprehensive evaluation of twenty five single
tracking algorithms, and identified three important components that improve
tracking performance. First, background information is necessary, mainly to sep-
arate background clutter from the object. Second, local models are particularly
useful when the appearance of the target has partially changed, and third, the
motion model is crucial for object tracking, especially when the motion of the

target is abrupt.

5.1.2 Data Association

Data association models can be viewed as a multi target-management system
that maintains the multiple target identities over the course of tracking. In gen-
eral, data association is the process of matching information of newly observed
objects (measurement) with previously observed information (state). This in-
formation can be object identities, appearance, positions, or trajectories [Betke
and Wu, 2016]. This section reviews two main data association models that are
broadly used in sport application, known as the classical model and the Markov
Chain Monte Carlo (MCMC) approach. Main terminology used for the rest of this

section:

1. Targetis an object of interest (e.g. player, car, ball).

2. State vector or simply state, X, is a vector containing the relevant dynamic

information about the target (e.g. position, velocities, width, height).
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3. Measurements or observations, O, are newly observed objects at frame ¢

(i.e. result of object detection).

4. Track likewise trajectory is a sequence of observed measurement that has

been decided or hypothesised by the tracker to come from a specific target.

5. Associationlikewise association hypothesisis the process of estimating how

likely the measurements are generated by the targets.

6. Assignment is the procedure of assigning measurements to existing tracks

or existing tracks to the measurements.

7. Measurement validation likewise Gating is a procedure to decrease the
number of association hypotheses. This procedure estimates the area that
the target will be seen at the time ¢ with regards to the past states x;_;. This
region is called target Gate and indicates the valid measurements to con-

tribute to the association process (Figure 5.1).

Figure 5.1: The observation (Blue boxes) within the red ellipse(gate) centred at the pre-
dicted target location x; are the valid measurements to associate with the
black trajectory.

8. Birthis the initialisation of a state upon arrival of a new target.
9. Deathis the state termination when target leaves the scene.

Given the state of n targets up to time #, Xy = {x},...,x"}, and m measure-

ments at time ¢, O¢ = {0%, ...,0{"}, data association algorithms first estimate how
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likely each measurement i = {0,..., m} is generated from the targets j = {0,..., n}
(association hypothesis) and then assign optimal measurements to existing tracks
or existing tracks to the measurements. Therefore the data association task can

be formulated as maximising a posterior (MAP),
X* = argmax(p(X;|04)) — argmax(p(0|X,) p(0;)) (5.1)
X X

To find the optimal solution, X*, itis common to treat the optimization procedure
as an assignment problem. The assignment problem is the technique to exactly
assign one measurement to one track in such a way the total cost of the assign-
ment is minimised. With n targets and m observations the assignment problem
is specified by,
m
Minimise Z ZijAij

=1 (5.2)

n n
subjectto ) Zjj=1 Vi and ) Zj<1 Vj
j=i j=1

where Z is the auxiliary matrix where Z;; € {0,1}. The matrix A is called assign-
ment matrix. Each element of the assignment matrix is equal to one association
hypothesis so that A€ R™*" and n = m. There are different approaches to solve
the assignment problem of which the most well known ones are the JVC [1987],

Munkres [1957] and Murty [1968] algorithms.

The classical data association algorithms were originally developed for radar
tracking. The simplest data association approach is the global nearest neighbour
(GNN) [Bar-Shalom, 1987] which directly assigns the closest measurements to
the targets in the gate. To prevent allocating multiple measurements to a sin-
gle target, GNN usually solves the assignment problem using bipartite matching
(Equation 5.2). However, this model does not perform well in scenes with high

clutter and fails to account for the possibility of false observation [McAnanama
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and Kirubarajan, 2012]. GNN is mostly used in cases when the targets are well
separated in the frame. For instance, the two approaches proposed by Dang et al.
[2010] and Han et al. [2005] utilised GNN to track players in tennis videos. It is
worth nothing that in tennis there is not much interaction between players and
generally they move on separate paths. In a high interaction sports environment,
such as hockey [Cai et al., 2006] and basketball [Lu et al., 2013], it is possible to
combine GNN with robust tracking to increase the certainty in the association

stage.

The Joint Probabilistic Data Association (JPDA) [Fortmann et al., 1983] solves
the uncertainty problem by calculating a marginalised probability on the joint
data association space. Unlike GNN, which updates the track based on the best
association hypothesis, JPDA updates the target state based on the contribution
of all the measurements in the gate region, where the measurement can be pro-
duced from the target or the background [Hamidreza Tofighi et al., 2015]. Both
GNN and JPDA assume a fixed number of targets and cannot initialise new tra-
jectories or terminate existing ones. Therefore they need an external mechanism

to handle birth and death of targets.

Multiple Hypothesis Tracker (MHT) [Reid, 1979] is a complete data associa-
tion model which is capable of initiating and terminating incoming and ongoing
targets. The MHT is classified as a “deferred logic” model in which the decision
about the birth of a new target and the death of an existing track is delayed un-
til enough observations are collected from the association hypothesis. In theory,
MHT requires keeping track of all associations’ hypotheses between object tracks
and incoming observations. As a result, if the number of observation grows, the
association hypotheses can become unmanageable. In practice, the full method
is computationally infeasible unless combined with pruning heuristics [Oh et al.,

2004].

The Recursive Bayesian data association based on Markov chain Monte Carlo
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sampling (MCMC) or Particle filtering are preferred for many vision-based multi
target management systems. This is because they are computationally practical
and target appearances such as shape, colour and texture can be easily incor-
porated into the sampling process [Yang et al., 2005]. Jaward et al. [2006] pro-
posed a simultaneous detection and tracking based on the colour appearance
of the targets. This approach estimates the association hypothesis by sequential
Monte Carlo sampling, while using JPDA for data association. Khan et al. [2005]
introduced multiple object tracking framework based on particle filter using Rao-

Blackwellisation sampling schemes [Casella and Robert, 1996].

Due to occlusion the optimal targets sampling using MCMC is difficult, es-
pecially for long term object tracking [Ge and Collins, 2008]. The tracklet based
sampling approach tackled the above sampling problem. The tracklets are the
fragment of the trajectory which provides better sampling mechanism in com-
parison to the traditional one-to-one observations-targets mapping [Yu et al.,
2007a]. The tracklets are less susceptible to drift and occlusion and they can be
generated by simple tracking models. These models are known as Markov chain
Monte Carlo Data Association (MCMCDA) [Oh et al., 2004; Yu et al., 2007b; Ge
and Collins, 2008; Prokaj et al., 2011]. Ge and Collins [2008] used MCMCDA to
produce the soccer player trajectory. This model groups tracklets that belong to
the same player using properties such as colour appearance, object size, spatial

proximity and velocity coherence.

The single object tracking approaches can be used to track any kinds of ob-
jects under different conditions. There is a general agreement in the evaluation
of single object trackers performance [Wu et al., 2015]. However, there is not any
standard method to evaluate multi-object tracking performance [Bernardin and
Stiefelhagen, 2008]. One reason for this issue is that multi-object trackers are
designed to track predefined objects (human, car and face) and in the certain

environment. Furthermore, certain conditions can be assumed in each environ-
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ment that are not valid for another application. For instance, Yang et al. [2005]
assumed pedestrians can be occluded by one another in a short period of time,
or Jiang et al. [2007] proposed a human tracking system by assuming the camera
is static for the duration of tracking.

Apart from all the above difficulties, the most important issue directly re-
lated to the strategy of occlusion handling in multi-object trackers algorithms. All
multi-object trackers use the data association technique to reacquire the lost ob-
jects after the occlusion. Obviously, the data association performance greatly de-
pends on the quality of the detector [Milan et al., 2013]. Thus, to have a fair eval-
uation, a standard detection should be provided for various trackers. Bernardin
and Stiefelhagen [2008] attempted to generate common metrics for measuring
the performance of multiple object trackers that used the same object. How-
ever, the different tracking system requires different types of object as input and
consequently, in practice these kinds of approaches are not feasible to establish
standard metrics for all multiple object tracker under various conditions [Milan
etal., 2013].

The literature studied show that the majority of tracking algorithms focused
on local object information. During occlusion, however, local object information
does not properly represent the true properties of objects, and without the data
association, this issue leads to tracking failure. In the next section, we propose a
framework that combines the group motion information with local object prop-
erties to continually track objects under occlusion without using any detection

algorithms.

5.2 Proposed Tracking Framework

Local object information, such as appearance and motion features, are useful

when the target is not occluded by other elements in the scene. However, when
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the local information does not properly represent the object properties, due to
occlusion and background clutter, the tracking often fails. To overcome the diffi-
culties that exist in the horse racing environment, a multi-object tracking frame-
work is proposed to combine multiple cues such as local object information,
background characteristic and group motion dynamic to improve tracking un-
der challenging environments. The background information is necessary for effi-
cient tracking, mainly to separate background clutter from the contenders. Local
appearance models are critical when the target appearance changes under par-
tial occlusion or deformation. Motion models are relevant when the contenders

are obscured by background elements such as trees, towers and bars.

The proposed tracking model contains three main modules, namely point
level processing, contenders localisation and data association, as illustrated in
Figure 5.2. The point processing block is based on the assumption that in real-
ity the sample points are rarely independent and they are parts of bigger units,
namely the objects that are being tracked [Kalal et al., 2010], and therefore the
sample points should have same motion and similar colour distribution. Conse-
quently, the location of the object can be estimated by tracking the points that
sample from the same object. The point processing block aims to find the best
points from noisy sample space by a series of filtering stages.

In contender localisation, two different strategies are used, namely object
based and group based localisation. Object based localisation is applied when
the sample points correctly represent the local object motion and appearance.
The group based localisation is applied when the local information does not
properly represent the object, mainly due to occlusion and background clutter.

The data association is applied as a multi target management system to main-
tain multiple jockeys’ identities over time, to initialise the tracking, terminate tra-

jectories and update each contender’s appearance model.
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Figure 5.2: The block diagram of proposed tracking model. The point processing block
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aims to find the best points that represent the object property. For object lo-
calisation, two strategies are used: Object based localisation is applied when
the sample points properly represent the object local properties and when
the local information dos not properly represent the object property the lo-
calisation is switched to the group based model. The data association block
maintains multiple jockeys’ identities over time, initialise a tracking, termi-
nates trajectory and finally updates the contender’s appearance model.



5.2 Proposed Tracking Framework

5.2.1 Features Extraction

To overcome appearance ambiguities and to handle the occlusion, the object fea-
tures are extracted from three sampling levels: point level, object level and group

level. The definition of these features are as follows:

1. Object template (w) refers to the rectangular window around the object; it

is also referred to as the tracking window.

2. Point level motion cues (Up) are the flow of the sample points extracted
from on the object template where U, = (up,x, up,,) are the motion cues
for a given point p. Particularly, given the point p = (py, py) on the se-
lected template at frame I, we estimate its corresponding location p’ =
(px + Up,x, Py + Up,y) in the frame I + 1 using the iterative pyramids Lucas-
Kanade method [Bouguet, 2001]. The sample points are extracted using Shi

and Tomasi corner detection [Shi and Tomasi, 1994].

3. Point level colour cue (H),) refers to the colour distribution of 15 x 15 rectan-
gular patches around sample points. Point level colour cues are calculated

from the histogram of hue and saturation channels in HSV colour space.

4. Object motion model, U, = (U(o,x), Uo,y)), Tefers to the tracking window dis-
placement. The object motion model is estimated by taking the average of

all motion vector (J) at point level for the given object o by,

J
_ Zi Up,i

Uo
J

(5.3)

5. Object colour model (H,) refers to the colour distribution of the tracking
window. The object colour model is calculated from the histogram of hue

and saturation channels in HSV colour space.
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6. Group motion model, Ug = (u(g,x), U(g,y)), is estimated by taking the average

motion models of all m objects using,

T Uy
Ug= =120 (5.4)
m

. Object shape model refers to cap shape structure. It is trained off-line with

HOG features and linear SVM as discussed in Chapter 4. The object shape

model is used with data association to initiate, terminate and update tracks.

. Object relative speed U, = (u,x), Uw,y)), refers to the relative speed of the

individual object with respect to the group motion model, viz

U, = . 5.5
'= T, (5.5)

. Background motion, Uy = (U, x), Up,y), refers to the dominant motion in

the frame. The background motion is estimated using the algorithm de-

scribed in Chapter 3.

5.2.2 Point Processing

The location of the object can be estimated by tracking the sample points that are

distributed over the object surface. The point processing block aims to find the

sample points that well represent the object using three stage filtering, namely

the cross validation filter, the motion filter and the ambiguity filter.

5.2.2.1 Cross validation filter

In the cross validation filter, the forward-backwards error described by Kalal et al.

[2010] is used to estimate the stability of motion cues at point level. With the

sample point p at frame I and its corresponding location p’ in the frame I+1, the
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Frame (1) Frame (1+1)

Forward track

Figure 5.3: Given the sample point p at frame I and its corresponding location p’ at
frame I + 1, we compute the backward flow of point p’ to the frame I (p”).
The forward-backward error is defined as the Euclidean distance between
the original point and the forward-backward prediction (red arrow).

backwards flow of point p’ to the frame I is computed. The forward-backwards
error epp of a point p is defined as the Euclidean distance between the original
point and the forward-backward prediction. This process is illustrated in Figure
5.3. In the filtering stage the points are removed if their forward-backwards error

is larger than 2 pixels [Kalal et al., 2010], that is

0 epg=2 pixels
p= (5.6)

1 elsewhere.

5.2.2.2 Motion filter

Knowing the background motion (Up), object motion (U,) and the motion of
sample points (Uy), we estimate how likely the sample point is produced from

the background by,

Background d(U,,Up) < d(Up, U,)
!/
p = (5.7)

Foreground elsewhere.
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Figure 5.4: The effect of the motion filter. The arrow in the left image indicates the no-
table area before occlusion. The image in the middle illustrates the result of
tracking with motion filter, and the right image shows the result of tracking
without motion filter.

Here d is the Euclidean distance function. The effect of the motion filter is illus-

trated in Figure 5.4.

5.2.2.3 Ambiguity filter

When the tracked object is occluded by another, some sample points that belong
to one object might move to the other object which eventually causes tracking
drift. For the occlusion problem of k objects, this task can be formulated as max-
imising a posterior by

k* = argmaxS. (5.8)
k

The vector S = {s, 51, ..., S} indicates how likely sample points p are generated
from each object 0. To measure the similarity, s, the histogram intersection, pro-
posed by Swain and Ballard [1991], is used. It is especially suited to comparing
histograms for recognition in our case because it does not require the accurate
separation of the object from its background or occluding objects in the fore-
ground. Having the object colour distribution, Hp, and point level colour distri-

bution, H),, the similarity score is found by intersection using

s =) min(Hy(i), Ho(i)), (5.9)
i

64



5.2 Proposed Tracking Framework

Figure 5.5: The effect of ambiguity filter. The arrow in the left image indicates the notable
contenders before occlusion. The image in the middle illustrates the result of
tracking using ambiguity filtering. The image in the right shows the result
without using ambiguity filtering.

where i is the bin number of histogram. The effect of the ambiguity filter is illus-

trated in Figure 5.5.

5.2.3 Contender Localisation

We use two different strategies to locate the objects in the frame, namely object
based localisation and group based localisation. Object based localisation pre-
dicts the new location of the tracking window by finding the mass centre of the
weighted sample point. However, when the object is obscured by some other el-
ement in the video, or has an unpredictable motion, the sample points no longer
represent the object template. In this case the group motion flow is used to esti-
mate the location of objects. Which strategy is used is determined by estimating
the quality of the object template inside the tracking window. If more than 60%
of the samples points are filtered out in the filtering stages, the object template is

not valid and the group based localisation is triggered.

5.2.3.1 Object based localisation

In object based localisation, the quality of the points (after point processing stages)
are estimated by finding the colour similarity between each sample point and the

object template s’ using Equation 5.9 and 50% of the points with lowest similarity
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matches are removed. From the remaining points the centre of mass for the new
tracking window is calculated by

J ]
X SiPxi C. = X;S;Pyi

Cp==L122 y= (5.10)
P SF

where J is the number of remaining sample points.

5.2.3.2 Group based localisation

To find the approximate location of object using group information, three values
are estimated: last valid object motion, group motion flow, and object relative
speed to the group. The last valid object motion model is referred to last estimated
motion vector of the objects that do not suffer from occlusion or unpredicted
motion as calculated in Equation 5.3. Group motion model (dy) is estimated by
taking the average motion models of all valid objects using Equation 5.4 and the
object relative speed is estimated by mean of Equation 5.5. Using above value
the new location of the object is approximated by moving the tracking window

by the relative speed of objects to the group by
C;c =Cy+ Uy, x) U(g,x)» C;, = Cy + U,y Ug,y) (5.11)

where C’ is the new centre of the tracking window.

It is worth noting that with smooth camera movement, the last valid con-
tender motion may be sufficient to predict the next location of the tracking win-
dow. However, as contender motion highly depends on the camera movement,
which can be unpredictable, the last valid contender motion may not be reliable
enough to predict the new tracking window. In contrast, the motion and direc-
tion of contenders are all similar. Thus the relative speed of contenders to the

group is more informative because it is independent of camera motion. The ef-
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fect of unpredicted camera movement for these two scenarios clearly can be seen

from the video in Figure 5.6 when the camera start to zooming (timer= 0: 12).

Figure 5.6: The result of tracking using last valid contenders motion is shown in top
video, and the bottom video is the result of group based localisation. As can
be seen from the sample videos, the relative speed of contenders to the group
give better approximation of the tracking window.

Figure 5.6 contains embedded video.
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Chapter 5 Tracking and Data Association

5.2.4 Data Association

Initialising the tracker for contenders from the noisy and uncertain detection is
very challenging. We used data association to initialise the trajectory and main-
tain multiple jockeys’ identities over the course of tracking. Let the trajectories
of n jockeys’ caps at time ¢ represent by the sequence of states, X¢ = {xtl, LoxXPH
and the measurements O be the output of the the cap detection algorithm (see
Chapter 4) at time ¢, O¢ = {otl,...,o?‘}. Then the data association task is to as-
sign n tracks to m new detected caps (object) with capability of initiating new
contenders and terminating false trajectories. This problem can be simplified by

building the assignment matrix, A, given by

c11 cl2  t Cun b1,(n+1) 0 0
2,1 2,2 e C2,n 0 by (n+2) o 0

A= [Cm,n Bm,m] _ Cm,21 Cm,2 Cm,n 0 0 bm,(n+m] (512)
l Tn,n ‘ Om,nJ Lm+1),1 0 0 0 0 0
—00  Hmizz 0 0 0 0
—00 0 o tmann 0 0 0

where the columns of the matrix A correspond to the tracks, and the rows to the
objects so that each element of the assignment matrix is equal to one association
hypothesis. The sub matrices C, B and T are responsible to assign n tracks to
m measurements, initiating new and terminating ongoing trajectories. Let i be
the row and j be column of sub matrices in A then the association hypothesis of

these matrices are defined by

1. Matrix, C, is the association hypothesis to assign objects to the track, namely

1+ if oi<r
cij= Z (5.13)

0 elsewhere,
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where d is the Euclidean distance between the centre of the detected cap

and tracking window and r is the Gate radius (see Section 5.1.2).

2. Matrix, B, is the association hypothesis to initialised new potential tracks,
given by
1 if i=j
bi(n+j) = (5.14)
0 elsewhere,

3. Matrix, T, is the association hypothesis to terminate tracks, and is

. 1 if i=j (5.15)
(m+1),j = .
0 elsewhere.

Once the assignment matrix is built, data association is treated as an as-
signment problem. An assignment problem is a special case of the optimization
problem that deals with assigning one measurement to one track in such a way
the total cost of the assignment matrix is minimised (see Equation 5.2). There are
many approaches to solve the assignment problem of which the best known ones
are the JVC [1987], Munkres [1957] and Hungarian [1968] algorithms. With every
newly observed cap, the tracks are updated according to three track characteris-
tics, namely (1) potential track when there is not sufficient evidence to prove the
track belongs to the true contender, (2) confirmed track is a track that belong to
a valid contender, and (3) false track is a track that comes from false alarm and

should be deleted.

69



Chapter 5 Tracking and Data Association

I
! X3 1

Figure 5.7: Example of the data association problem with three measurements and three
states. The blue rectangles show the centre of the detected caps and the cir-
cles indicate the centre of the tracking window. Dash circles are the Gate cor-
responding to each state.

Let us assume there are three measurements and three states at frame I as
shown in Figure 5.7. The rectangles indicate the centre of the detected caps, cir-
cles indicate the centre of the tracking window and the dashed circles are the
Gates corresponding to each state. Based on the information in Figure 5.7, the

association matrix A can be built as follows:

X] X2 X3
o0 1.7 18 0 | 1 0 0
0 1.9 16 0 | 0 1 0
A=log 0 0 0 |0 0 1f, (5.16)
1 0 /00O
0 1 0000
0 0 1 ][00 0

and by applying The Hungarian [1968] algorithm to the matrix A the optimal as-
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signment matrix (A’) is obtained as

010|000
100,000
, jooo o001
A= : (5.17)
000|100
000|010
001|000

which is interpreted as follows:

1. From the top-left sub—matrix, cap O, is produced from track X; and its state

should be updated.
2. likewise, cap O is produced from track X, and its state should be updated.
3. From the top-right sub-matrix, cap Os has potential to be a new track.
4. From bottom -left sub-matrix, track X3 has potential to be a false alarm.
5. The lower right sub-matrix should be ignored.

For cases 3 and 4, we mention potential new track and false alarm because
we delay the decision about the birth of a new target and death of the existing
track until enough observations are collected from the association hypotheses. It
is considered the new contender is arrived into scene, birth, if the new measure-
ment is assigned into the same potential track three times over a five frame pe-
riod, and eliminate the trajectory if the total false alarm in one track is more than
half of the length of that track at the end of tracking course. The visual demon-
stration of the proposed tracking model in one turning segment is illustrated in

Figure 5.8.

Figure 5.8 contains embedded video.
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Figure 5.8: Visual demonstration of the proposed tracking model in one turning seg-
ment.

This page contains embedded video.
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CHAPTER

Evaluation

According to section 1.2 of chapter 5, multi-object trackers handle the occlusion
problem by reacquiring of lost objects after occlusion. However, the proposed
tracking system uses a completely different approach. Our model does not em-
ploy any object detection algorithms for handling the occlusion. In fact, here we
follow the methodology of single object tracker, adding group motion informa-

tion to continually track objects under extreme occlusion.

To show how tracking performance can be improved by adding the group
motion information, we examine the result of our tracking models with kernel
correlation filter (KCF) in the first section of this chapter. We select KCF because
of two main reasons. Firstly, KCF achieves the highest performance among the
recent top-performing trackers [Henriques et al., 2015], and secondly, KCF is a
single object tracker and standard evaluation methodology [Milan et al., 2013;
Wau et al., 2015] can be used to examine the performances of both models. To test
the robustness of the proposed model, we used two different types of objects,
pedestrians and jockeys, under severe occlusion scenarios. In this experiment,
we manually select the objects in each video to initialise the tracking, and we use
no automatic initialisation or object reacquiring process during the tracking pe-
riod. The second section of this chapter is analysing the overall performance of
the proposed horse racing system with regards to two aspects: automatic con-

tender initialisation and contenders tracking.
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6.1 Tracking Evaluation

The main purpose of the tracking evaluation is to show how the group prop-
erty and background motion information improve the tracking performance un-
der occlusion and background clutter. The robustness of the proposed track-
ing model is examined with a state of art tracking algorithm, namely KCE which
achieves the highest performance among the recent top-performing trackers [Hen-
riques et al., 2015]. To do this evaluation, three entities are defined: the tracker
output, T, the correct result or the ground truth, GT, and distance function, d,
which is a measure of the similarity between tracker output and the ground truth
[Milan et al.,, 2013]. The tracker output and the ground truth are delimited by
bounding boxes. The relative overlap of the ground truth and the tracker output

determines the tracking accuracy (see Figure 6.1) according to

TNnGT
TUuGT’

d(T,GT) = (6.1)

When d = 0 there is no overlap between ground truth and tracking output bound-
ing boxes, whereas d = 1 occurs when the two bounding boxes are identical. An
object is considered correctly tracked if the tracking output is within a distance
threshold of ground truth where the most commonly used threshold to consider
correct tracking is 0.5 [Milan et al., 2013].

Eight challenging videos are used for this evaluation. Four videos are taken
from horse race broadcast and four videos are of a group of five people walk-
ing together passing obstacles such as trees and other persons in the scene. The
ground truth was built by manually extracting the bounding box for each object
at every tenth frame of the video. It should be noted that, to have fair compar-
ison, we removed the data association block from our tracking system. This is

because, firstly, the aim of this section is to evaluate the performance of object

Figures 6.3, 6.5, 6.7, 6.9, 6.11, 6.13, 6.15, and 6.17 of this section contain embedded videos.
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Ground Truth

Overlap

Tracking Output

Figure 6.1: If both the tracker output and the ground truth are defined by bounding
boxes. The intersection over union of the ground truth and the tracking out-
put, determines the tracking accuracy.

tracking alone and not data association and secondly, the KCF is tracker sys-
tem and did not use any data association mechanism. To initialise the tracking,
the contenders at the beginning of each video are manually selected. The video
properties, including video name, number of contenders and the length of each
video is tabulated in Table 6.1.

The tracking performance for each individual contender per video is shown
in Figures 6.2 to 6.16. The red lines in the graphs are the result of the proposed
tracking model, the black lines are the result of the KCF tracker and the blue lines
indicate the distance threshold. The distance threshold is set to 0.5.

As the graphs in Figure 6.2 and Figure 6.4 show, both models handled the
contenders tracking in Race-1 and Race-2 well. This is because the camera move-
ment for these two videos are smooth and there is only partial occlusion in the
videos. However, the proposed model shows a significant drops in localisation
accuracy for the contender six in the Race-1, at around frame 50. This is because,
as it explain in Section 5.2.3, the proposed tracking model constantly checks the
validity of the object template and if it is not valid the group based localisation

will be used, thus when the contenders go under occlusion (full or partial), the
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Table 6.1: The Properties of Test Videos

. Number | Number Significant
Video ID . et
of objects | of frames characteristics
Race-1 12 250 Moving camera,
Partial occlusion
Race-2 11 350 Moving camera,
Partial occlusion
Moving camera,
— 11 . .
Race-3 350 Partial & full occlusion
Race_4 12 250 Moving camera

Partial & full occlusion
Static camera
Waikato-1 5 290 Partial & full occlusion,

Background clutter
Moving camera
Waikato-2 5 500 Partial & full occlusion,
Background clutter
Static camera
Partial & full occlusion
Static camera
Partial & full occlusion

Waikato-3 5 380

Waikato—4 5 400

tracking bounding box is swinging due to the switching between object based
and group based localisation until objects recover from occlusion. The poor lo-
calisation performance of KCF tracker under occlusion slowly appears in Race-3
and Race—4, where contenders 2 and 9 in Race-3 and contender 6 in Race—4 are
fully covered by other contenders in the race as shown in Figure 6.6 and Figure

6.8.

The benefit of switching localisation strategies is clear in videos Waikato—
1 and Waikato —-2. As shown in Figures 6.11 and 6.13, the performance of both
models are identical until just before the objects walk behind the tree. It can be
seen from Figures 6.10 and 6.12 the KCF tracker failed to track four of the five
objects when they are occluded by the tree. This poor performance is due to

two main reasons: first, the KCF algorithm did not encode the background mo-
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tion information and therefore it does not distinguish between the background
element (tree) and tracked object. This leads to the second and bigger problem
which exists in almost all tracking-by-detection algorithms, as highlighted above
in Section 5.1.1, the goal of the tracking-by-detection algorithm is to continually
train the online classifier to distinguish the tracked object from the background,
but each training update can introduce error. To be specific at the point of oc-
clusion, the tree is considered a tracked object and the classifier is trained with
the wrong features which leads to the tracking drift. The effect of this drawback
is also seen in Waikato—3 and Waikato—4 when the tracked object occluded with

other objects as shown in Figures 6.14 and 6.16.
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Comparison of KCF and proposed tracker based on relative overlap
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Figure 6.2: Comparison result between KCF and proposed model for Race-1. Both mod-
els, have essentially identical performance except for contender 6 where ac-
curacy of the proposed model drops at around frame 50.
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Proposed model

Figure 6.3: Visual tracking result for Race-1. When the contenders goes under occlusion
(check contender number six) the tracking bounding box is swinging due to
the switching between object based and group based localization until ob-
jects recover from occlusion.
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Comparison of KCF and proposed tracker based on relative overlap
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Figure 6.4: Comparison result between KCF and proposed model for Race-2. Both mod-
els, have essentially identical performance mainly due to smooth camera

movement.
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Proposed model

Figure 6.5: Visual tracking result for Race-2. As can be seen the tracking boxes of two
models are visually identical to each other.
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Comparison of KCF and proposed tracker based on relative overlap
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Figure 6.6: Comparison result between KCF and the proposed model for Race-3. The
KCF tracker totally loses Contenders 2, 6 and 9 due to occlusion.
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Proposed model

Figure 6.7: Visual tracking result for Race-3. The KCF tracker totally loses Contenders 2,
6 and 9 due to occlusion.
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Comparison of KCF and proposed tracker based on relative overlap
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Figure 6.8: Comparison result between KCF and proposed model for Race-4. The KCF
tracker totally loses Contenders 6 and 11 due to occlusion.
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Figure 6.9: Visual tracking result for Race-4. The KCF tracker totally loses Contenders 6

and 11 due to occlusion.
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Comparison of KCF and proposed tracker based on relative overlap
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Figure 6.10: Comparison result between KCF and proposed model for Waikato-1. The
KCF tracker failed to track four of the five objects when they are occluded by

the tree.
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Proposed model

Figure 6.11: Visual tracking result for Waikato-1. The KCF lost objects after they walk
behind the tree. This is because the KCF algorithm did not encode the back-
ground motion information therefore the tree is considered as a tracked ob-
ject and the classifier is trained with the wrong features which leads to the
tracking drift.
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Figure 6.12: Comparison result between KCF and proposed model for Waikato-2. The
KCF tracker failed to track four of the five objects when they are occluded by

the tree.
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Proposed model

Figure 6.13: Visual tracking result for Waikato—2. The KCF tracker lost objects after they
walk behind the tree. This is because the KCF algorithm did not encode the
background motion information therefore the tree is considered as a tracked
object and the classifier is trained with the wrong features which leads to the
tracking drift. However, the proposed tracking model is shifting to group
localisation and continues with tracking.
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Figure 6.14: Comparison result between KCF and proposed model for Waikato-3. The
proposed model fails to track objects 3 as both its motion and its appearance

is similar to object 5.
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Proposed model

Figure 6.15: Visual tracking result for Waikato-3. The proposed model fails to track ob-
jects 3 as both its motion and appearance is similar to object 5.
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Figure 6.16: Comparison result between KCF and proposed model for Waikato—-4. The
KCF tracker failed to track four of the five objects when they are occluded by
other objects.
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Proposed model

Figure 6.17: Visual tracking result for Waikato—4. Even without background clutter the
KCF unable to tracked occluded objects. However, the proposed tracking
model is shifting to group localisation and continues with tracking.
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6.2 System evaluation

In Chapters 3 and 4 the turning segment and cap detection performance were
analysed. In this section the overall performance of the proposed horse race sys-
tem is evaluated with regards to two aspects: automatic contender initialisation
and contender tracking. The difference of contender tracking evaluation in this
section compared to last section is that here the final tracking result is based on
both tracking and the data association strategy. Moreover, the tracking is con-
sider successful if the centre of the tracking box, matches the ground truth only
at the end of tracking.

To build the ground truth data ten turning shots from ten races are selected.
The properties and sample images of these video are shown in Table 6.2 and
Figure 6.18. Next the location of the jockeys’ caps at the first and at the end
of each turning shot are manually labelled. It should be pointed out that the
videos which we are using in this evaluation is totally different from any videos
that used before. These ten videos selected at beginning of this study to evalu-
ate the performance of the proposed system. All of the selected videos are from
Korea horse-racing site. The size of these videos are 800X600 and are converted

from analogue TV broadcast.

6.2.1 Initialisation of Contenders

In section 4.2.4 we evaluate the performance of cap detection, however, to ini-
tialise contenders, the detected cap should assigned into the same potential track
three times over a five frame period. Therefore the initialisation process is di-
rectly related to object detection and data association algorithms. The accuracy

of the contenders initialization is estimated using F1 score by

_5 precision. recall 2TP

F1=2. — = , (6.2)
precision+recal (2TP+ FP+FN)
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0:54'2;_'}" rﬁ 4 l‘ | 4 ‘:‘\ | 4 5

Figure 6.18: Sample images of final test videos
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Table 6.2: The Properties of Final Test Videos

. Total Duration of
Video Name .
Contenders | Turning Segment
vl 11 1 sec
v2 12 2 sec
v3 11 3 Sec
v4 12 2 Sec
v5 13 1 Sec
v6 12 1 Sec
v7 12 2 Sec
v8 12 1 Sec
v9 12 3 Sec
v10 12 1 Sec

Table 6.3: Evaluation Table for Cap Initialisation Module

Video Name Total TP | FP | EN | F1 Score
Contenders

vl 11 10 1 1 .90
v2 12 12 2 0 .92
v3 11 10 2 1 .85
v4 12 12 0 0 1
vh 13 12 1 1 .96
v6 12 12 0 0 1
v7 12 12 2 0 .92
v8 12 10 2 2 .83
v9 12 12 2 0 .92
v10 12 12 1 0 0.96

Overall 117 113 | 13 | 4 0.93

The respond of detection is consider correct if the centre of detected bounding
box lays inside the manually marked cap location (TP). It can be seen from Table
6.3, the overall F1 score for cap initialisation is 0.93, with lowest value of .83 in V8
and highest of .96 for V5. This result also proves the reliability of the contender
detection module due to the performance similarity of cap initialisation and cap

detection result in Chapter 4.
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Table 6.4: Tracking Performance for Ten Selected Videos

Video Name Total Detected Hit | Miss | CTR
Contenders Cap

vl 11 10 10 0 1
V2 12 12 11 1 91
v3 11 10 8 2
v4 12 12 12 0
v5 13 12 12 0
v6 12 12 12 0
v7 12 12 11 1 91
v8 12 10 9 1 .90
v9 12 12 12 0

v10 12 12 12 0

6.2.2 Contender Tracking

The performance of contender tracking for ten selected turning segment is tabu-
lated in Table 6.4. The performance of a tracking algorithm is measured by calcu-
lating the ratio of successful tracked contenders to the total number of detected
contenders. This measurement is called the correct tracking ratio (CTR). Here Hit
indicates total number of correct tracked contenders and Miss is the number of
unsuccessful tracking.

The result of Table 6.4 shows a promising result with average CTR of .94,
where in 9 out of 10 cases the correct tracking ratio is above 0.90. The worst
tracking performance belongs to V3 with CTR of .8. From analysis of V3, it is
found that two failed-to-track contenders, number 5 and 8, are very close to each
other when the tracks initiated. This probably caused imperfect sampling at the

starting point and eventually led to tracking drift as shown in Figure 6.19.

97



Chapter 6 Evaluation

Figure 6.19: Contenders 5 and 6, inside yellow circle, are very close to each other at initial
location which caused imperfect sampling and led to tracking drift.
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CHAPTER

Conclusion and Future Work

7.1 Conclusion

In this dissertation, we proposed a framework for automated analysis of horse
racing from TV broadcast videos. Within this framework we developed an auto-
matic event detection algorithm which extracts the turning segments from the
horse races. We implemented a contextual-aware analysis model to obtain the
trajectory of contenders from the turning segments. The proposed system is
developed based on deterministic reasoning driven by observing various horse
races. We have faced many challenges both in designing and evaluating the pro-
posed system.

Our first challenge was a paucity of literature in this topic. There are nu-
merous successful sport analysis systems which have been reported in literature.
These sport analysis systems are rules-based, and the rules have been obtained
based on prior knowledge that is specific to the sport in question. The problem is
that none of these rules can be applied to horse racing, due to the different struc-
ture and regulations of horse racing in comparison to studied sport. The second
challenge was directly related to the nature of the horse racing. In horse racing
contenders closely follow each other to gain a leading position and the camera
view is continually changing. These two characteristics alone were the source of

many problems such as the variations in jockey appearance, motion complex-
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ity and the frequent occlusion of jockeys to name a few. These difficulties cre-
ate a very challenging environment for detection and tracking of the contenders.
However, despite all these challenges, we believe this project is a comprehensive
framework that advances the field of research in video analysis.

By studying the rules and regulations of horse racing which were carried out
in Chapter 2, we obtained a set of domain-specific rules. These rules helped
greatly to crack the most challenging sports analysis systems that have been de-
veloped so far.

In short, the success of the proposed system is owed to three important prop-

erties of horse racing:

1. The camera typically follows the contenders; thus, motion of the background
is much greater than contenders. By means of this characteristic, in Chap-
ter 3 we developed a statistical motion analysis scheme to break the video

into shots and then extract the turning segment within the shots.

2. Jockeys’ caps have distinct colour with a rigid structure. In Chapter 4 we
showed that the structure of the cap can be easily characterised by the dis-
tribution of local intensity gradients, which helped us to build a powerful

contender detection model.

3. The contenders in the race follow each other’s paths and move as a slowly
changing group. This group dynamic often gives an important cue to ap-
proximate the location of obscured objects, especially when local informa-
tion is poor or abrupt. In Chapter 5 we proposed a framework that com-
bines this group dynamic with local object information to improve object
tracking in challenging cluttered environments. The performance evalua-
tion in Chapter 6 proved the robustness of the proposed systems, partic-
ularly in the presence of occlusion and background noise. Moreover, it is

demonstrated in Section 6.1 that the proposed system can be generalized
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to work on other domains.

This system addressed detection and tracking of contenders in the turning
segment of the race. As the turning segment is the most difficult part of horse
racing, it becomes clear that it could be done for the whole duration of the race,
but this will require a great deal of work, especially in contender detection algo-
rithms.

The structure of the jockey’s cap is simple. This property allows us to get rea-
sonable detection accuracy using traditional object detection algorithms. How-
ever, during the development of this project, several object detection algorithms
based on convolutional neural networks (CNN) were proposed [Girshick et al.,
2014; Girshick, 2015; Ren et al., 2015; Redmon et al., 2016]. CNN-based approaches
are quite different from traditional detection algorithms. They deep neural archi-
tectures enable them to learn more complex features which show very promising
result on the benchmark datasets. Thus, our future aim is to use deep convo-
lutional neural networks to detect multiple parts of contenders, including the
jockey’s cap, the jockey’s body, horse head and horse body.

However, the success of any CNN or deep learning architectures relies on the
quality and the quantity of training data. For this project, we had very noisy, low-
quality broadcast videos. Due to the high noise ratio and the sample size, the cap
only spreads over a few pixels and its edges are often faded into the background.
In addition, horse racing can be performed under different lighting conditions
(e.g. spotlight, day, night, cloudy and rainy) and pitch characteristic (e.g. clay
and grass). Therefore, collecting good quality video samples that contain all of
the above variations will be very challenging, especially if we are not able to get

them from the horse’s mouth.
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