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Abstract

Sports related analytics have become a main component of the present profes-
sional sporting domain. Teams continuously rely on the knowledge provided by
analytics systems to gain a competitive edge over the opposing team. One of
the main aspects of sports analytics is automated player tracking which can be
achieved by computer vision based techniques by analyzing video footage of sport-
ing events. Multiple object tracking in itself is a non trivial problem due to the
large number of variables involved. This is further amplified by the high number
of occlusions, trajectory changes that occur in a highly physical sport such as
Rugby. We set out to solve the problem of automated player tracking using a
tracking by detection approach. We make use of an object localisation model
named YOLO and retrain it to suit the specific scenarios in Rugby. In order to
solve the data association problem we compute an appearance based metric using
an identity embedding encoder network. A Kalman filter is used along with the
appearance based metric to establish the associations between tracks and detec-
tions. We conduct several experiments to evaluate the implemented solution and
report the results. We discuss the limitations,further improvements and areas
that present further research opportunities.

Thesis Supervisor: Dr.Amal Shehan Perera
Title: Senior Lecturer
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Chapter 1

INTRODUCTION

1.1 Automated player tracking

Automatic player tracking is an area which has many uses in the modern sports
science and professional and semi professional domains. From a sports scientific
perspective tracking helps identify aspects such as demands on energy expendi-
ture [1]. In the professional sporting domain which has become a multi-million
dollar industry, analytics play a major role in the outcome of a sporting event
2, 3, 4]. Consequently the performance of the sporting team or franchise may be
significantly affected by the leverage provided by the analytics system employed
from the phase of player drafting, training to on-field real time analytics. Most of
the decisions made traditionally through experience of management and coach-
ing staff are being supplemented by analytics. Data such as player positioning,
meters gained, speed and trajectories can be valuable with regard to analytics
applications. For instance previous season statistics can be used when drafting
and recruiting new players and at the training phase the data can be used to
build a profile of each player, and at game day the real time data can be used
to guide the strategy and the tactics used in the game.There are many technolo-
gies that may be employed to track players in sporting events or in training and
collect the data. These technologies may range from global positioning systems
(GPS), radio frequency tags, magnetic sensor tracking, ultrasound, video analysis
based tracking. The most widely used technologies from the above are GPS and

computer vision based automated video tracking.



GPS has the advantage of being accurate and the ability to provide data in
near real time. However these approaches require the players to wear a specialised
tracking device. In the case of GPS the device receives signals from a constellation
of earth orbiting satellites, the location can be determined by using data from 3
of the satellites. Computer vision based tracking methods have made significant
progress in recent times. They can provide significant accuracy but are still not

superior to the performance of GPS tracking[1].

1.2 Problem and opportunity for research

With regard to automated player tracking previous studies have been conducted
employing various technologies. However a large number of studies are conducted
on non contact or semi contact sports such as Basketball or Soccer , and we find
only a handful of research on full contact sports such similar to Rugby.

Rugby is a highly physical full contact game which generally requires strength,
stamina, speed and agility. It is a dynamic game which may consist of bouts of
high intensity activity followed by low intensity aerobic activity and rest|5].Individual
rugby players are usually specialized in a certain skill set that is demanded of the
position they play, for example Props need to be strong and sturdy and usually
of heavy physical stature which is in contrast to a player playing wing who needs
to be fast and agile. This characteristic of rugby demands a specialized train-
ing regimen that can accommodate the required fitness capacity of players at an
individual level. From a physiological viewpoint knowledge gained from analyz-
ing player patterns both in training and game time can be used in designing an
enhanced training program.

Furthermore in a game of rugby there are unique playing aspects such as
scrums, rucks and mauls where multiple players may physically engage with each
other. From a technical point of view positional and trajectory data along with
information about the various playing scenarios can be used to gain knowledge
and to plan out the strategy and tactics of the game. Identifying these playing

situations is important for the purpose of analytics and poses a unique challenge



for computer vision applications due to the multiple occlusions that occur at these
situations.

The study conducted by Edgecomb and Norton[1| Illustrates the difficulties
of applying some of the aforementioned technologies to Australian Football. In
highly physical contact sports such as rugby, and Australian Football, using track-
ing technologies which requires the players to wear specialized devices is not prac-
tical in most situations due to risk of injury. Most of the players who take part in
these sports wear little to no protective gear, therefore the places to safely embed
these devices are minimal. Using a tracking technology which requires players to
wear specialized equipment has the additional disadvantage of not being able to
track the players of the opposition.

Considering the above mentioned factors it is evident that although GPS
and other device based technologies are generally considered superior for the
purpose of automated player tracking, there still are some limitations with regard
to these aproaches and they may not be suitable for every situation. Computer
vision based tracking provide a non invasive approach to tracking eliminating
the need for specialised devices to be worn by players. However due to the
complexity associated with CV based player tracking there are still areas that can
be improved from further research. Thus CV based approaches provide ample
opportunity for further research while at the same time being advanced enough
to permit practical applications. Therefore the focus of this research will be to
develop a computer vision based automated player tracking system which can be

employed in analytics for rugby matches.

1.3 Motivation to automate player tracking for Rugby

The scarcity of research conducted on applying automated player tracking for
rughy and the lack of a specialized system that can identify various playing as-
pects of rugby is the main motivating factor for this study. Furthermore the usage
of computer vision based techniques for player tracking still has challenges that

needs solutions. Solving the interesting problems faced when applying computer



vision based player tracking, such as tracking and identifying moving entities can
be applied to other domains such as surveillance or autonomous vehicle navi-
gation. In recent times professional sports has developed into a multi million
dollar industry. With these developments managing bodies of professional teams
are constantly looking out for ways to minimise mistakes and to gain a compet-
itive advantage over their opponents. One area that has caught the attention
of professional sporting teams is data driven decision making. To this end data
science and analytics can provide value additions in a large range of applications
ranging from scouting/drafting of players, team selection to on field decision mak-
ing. This high demand for data analytics and tools that enable data analytics in

professional sports also acts as further motivation for this study.

1.4 Objectives

The purpose of this research is to develop an automated system that can collect
data related to players positioning and trajectories. This research focuses on
computer vision based automated player tracking, which uses computer vision to
extract player positioning data during the timeline of a game from video footage.
The study will be conducted on video footage of Rugby Union matches. The

main objectives can be listed as follows.
1. Detect players on the field

2. Track player movement trajectories and positioning across time



Chapter 2

LITERATURE REVIEW

Automated player tracking is a domain where a considerable amount of research
has been conducted in recent years. The focus of this chapter is to have a dis-
cussion on literature and past studies that are concerned with computer vision
based tracking.

Object tracking can be defined as estimating the trajectory of an object of
interest as it moves within a scene. This can be achieved by assigning consistent
labels to the object within each frame of a video [6]. Depending on the approach
that is employed we can classify the literature concerning object tracking into
many different classes. One of the most frequently occuring classifications is the
tracking-by-detection paradigm versus tracking-by-estimation paradigm. In the
tracking by detection approach,the problem of object tracking is broken down
to two subproblems of object detection and object tracking |7, 8, 9, 10]. The
object detection component is concerned with continuously detecting the objects
of interest in the input and the tracking component involves estimating and as-
sociating the detected trajectories across the frames.

The techniques and the approach used for the purpose of computer vision
based tracking is reliant on the specific domain that the problem is applied to
[6]. Therefore most of the literature discussed will be related to the area of multi-
target tracking applied to various sports along with studies conducted in generic
domains. First the general literature related to the problem of automated player
tracking will be discussed followed by discussion on player detection and player

tracking.



2.1 Automated multi target tracking

The comparison done on automated surveillance systems and automated player
tracking systems by Barris and button [11] helps us to put the challenges faced
with automated player tracking into perspective. According to the authors the
technologies used in surveillance have seen some changes during the recent past.
Attempts at capturing human motion has led to articulate 3D models from the
previous 2D models. Tracking of objects has seen a shift towards sampling based
techniques from deterministic linear tracking frameworks. It is emphasized that
The improvements in motion analysis is contributed by the usage of machine
learning approaches and that this has led to systems that can cope with outdoor
scenes and situations where there are multiple occluding people. Authors also
state that these improvements are attributed towards advancements in segmen-
tation technologies while some studies credit the improvements in model based
pose estimation.

The main differences that are seen between surveillance systems and sports
tracking systems is that the targets being tracked in a sporting event may be fast
moving and might exhibit erratic unpredictable movements wheres in a pedestrian
surveillance setting the targets may be slow moving with smoother trajectories.
The review on sports tracking in both indoor and outdoor settings illustrate the
technological trends that are evident since recent times, some of these studies will
be discussed in depth.The authors have observed that scene event analysis using
image processing has become increasingly common. The review also discusses
limitations that are commonly faced by numerous studies. Most of the studies
have conducted the research with stationary cameras due to the added complexity
with the use of a moving camera. Player occlusion seems to be another major
hurdle when applying computer vision based algorithms. When a player blocks
another player visually in the field of view of the camera it is known as a player
occlusion. Situations where two players occlude or where multiple players cluster

around a certain point have yielded low tracking accuracy.



2.2 Player detection

Some of the research conducted with regard to automated multi target tracking
involves first detecting the object and associating a tracker with the detected
object |7, 8] and others have incorporated an object detection component as part
of the overall tracking mechanism [9, 10]. In this section the various approaches
made with regard to player detection will be discussed.

Within the research literature a varying number of features are used for the
task of object detection. Significant success has been achieved when they are
incorporated with a machine learning approach. The research conducted buy
Dalal and Triggs [12] proposes the usage of Histogram of Oriented Gradients
as the features from an image as input features. The HOG features are used
in a linear SVM in order to detect the pedestrians. The HOG features share
similarities with orientation histograms, SIFT descriptors and shape contexts.
The HOG features are computed on a dense grid of uniformly spaced cells where’s
the others are sparse descriptors. The local object appearance and shape can be
characterized with the distribution of local intensity gradients and edge directions.
The authors make a note to normalize the calculated features before using them
in detection. The detection window is tiled with a dense overlapping grid of
HOG feature descriptors. The HOG representation is good at capturing edges
in the local vicinity as it takes into consideration the gradients in the local cells
and translations and rotations makes little difference if they are smaller than the
local spacial orientation bin size. The experiments were conducted on the MIT
pedestrian database|[13] as well as a data set that was compiled by the authors
themselves with 1805 images. the methodology followed involved training a set
of preliminary detectors and searching a set of 1218 negative image samples for
false positives. The training set is supplemented with any false positives found in
the data set and the SVM is retrained. The retraining process helped to increase
the performance by 5%.

The framework proposed by Zhu et al. [7] uses support vector classification

and segmentation of the play field to detect players on the field. In order to



identify the pixels of the playing field Gaussian Mixture Models (GMM) were
used. Once the general playing field pixels are identified, region growing algorithm
is used to connect the pixels into areas and to refine the edges. In order to identify
the players from other objects in the frame a Support Vector Machine model in
the form of a classifier is used. Training examples were manually extracted from
footage, images of players were selected as positive examples and parts of the
playing field was used as negative examples.The features used in the classification
include a color model that is built from the Hue-Saturation-Value color space
using a histogram.

In a similar study conducted by Liu et al. [8] on broadcast soccer videos apart
from player detection player labeling was also achieved. Initially the dominant
color is identified and the playing field is extracted with the use of dominant color
segmentation, morphological filtering and connect component analysis. The size
of the play field and non-playing field may vary due to changing camera angles
and shots. Therefore a decision tree was used to classify each view into global,
medium, close-up and out of view. In order to identify players, a boosted cascade
of Haar features based on the work by Viola and Jones|14] were used. A set of
player images that capture the different motion variations as much as possible
was used as positive training samples along with the images of various markers
and signs on the playing field as negative examples. The background playing
field was filtered out of the training examples which has made the process faster.
The detector scans over the image at varying sizes, which sometimes resulted in
multiple detection instances around a player. These duplicate detection instances
were merged together to obtain a single detection.The experiments were done
on the 2006 soccer world cup videos. Frames were randomly selected from the
footage with about 50 to 100 frames difference between selected frames and the
ground truth was manually labeled. The videos that were used were from the
2006 soccer world cup from matches between France and Spain and between
Brazil and Japan.The authors were able to achieve significant figures precision

(88.65%,92.38%) and recall (92.19%,88.82%) values as well as high F-score values



(90.39%,90.57%).

In the widely cited study conducted by Okuma et al.[9] a cascaded Adaboost
process is used for detection of players [14]. A training set of 6000 figures of
hockey players scaled to a standard size of 10 X 24 pixels is used for the purpose
of training the cascaded classifier. There is a considerable difference between
the intensities of the pixels that represent a player and the hockey rink. The
researchers have used this property to device a simple extraction method to ex-
tract player images for training, where small low intensity areas(players) which
are surrounded by high intensity areas(hockey rink) are detected and extracted.
However the authors point out that this approach is not the ideal one for accuracy,
as the trained Adaboost estimator had a number of false positives around the edge
of the rink. The false positives of the spectators can be corrected from the clas-
sification if plausible motions of the hockey players are taken into consideration.
In order to achieve this the Adaboost classifier was incorporated to the proposal
of the mixture of particle filter. In the final mixture model the Adaboost algo-
rithm performed well in detecting players. However there are some weaknesses of

Adaboost such as susceptibility to variations in intensity and occlusion.

2.2.1 Deep learning based object recognition

In recent times a surge in the success rate of deep neural network based object
classification algorithms can be observed. Researchers have been able to achieve
very high accuracy levels in a very short time span. The model named Alexnet
[15] gave the breakthrough results in the 2012 imagenet competition [16]. The
model consisted of five convolutional layers and three fully connected layers. An
interesting contribution from the Alexnet model was that by using ReLu (Rec-
tified Linear unit) activation functions deep CNNs can be trained much faster
with gradient descent, as opposed to the tanh and sigmoid activation functions
that were usually used. The researchers also used dropout in the first two fully
connected layers to reduce overfitting. They were able to achieve a top-5 error

rate of 15.3% at the ILSVRC-2012 competition. The VGG network [17] was
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Figure 2-1: (a) Training error (left) and test error (right) on CIFAR-10 with 20-
layer and 56-layer “plain” networks. The deeper network has higher training and
test errors.(b) Residual unit with skip connection provide identity mapping from
the output of the previous layer.Source [18§]

among the best performing models in the imagenet competition. The model used
convolutional layers with 3X3 filters as opposed to large receptive fields used in
previous models. The network had two models of 16 layers and 19 layers. Due to
difficulty in training the networks with large depths, the authors trained smaller
models with fewer layers and used these smaller models as an initialisation step
to train the larger models.

The ResNet architecture introduced by He et al. [18] is another revolution-
ary approach. The authors observe that the recent success in image recognition
models can be attributed to the large depth of the networks, which results in a
larger parameter space and more complex functions. However naively increasing
the number of a neural network does not result in better performance. He et al.
illustrate this by plotting the training and test error of a 20 layer neural network
and a 50 layer neural network, where the 50 layer network performs worse than
the shallower 20 layer network. They identify that this hindrance does not occur
due to overfitting either and observe that as the network depth increase the the
accuracy becomes saturated and rapidly degrades. The authors introduce resid-
ual learning comprised of residual blocks to overcome this degradation problem.
These blocks use skip connections to obtain identity mapping from the output of

the previous layer which is added to the output of the next layer.
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2.2.2 Object localisation and detection

These achievements in object classification paved for further advances in object
detection and localisation tasks where the objective is to identify the location
and bounds of the object of interest. In classical computer vision approaches
object localisation was mainly achieved by sliding window techniques, where a
window encompassing a subset of the image pixels slides across full image. The
pixel information is input to a detector model to identify if the window bounding
box contains an object of interest. This approach is quite cumbersome, which
provided an opportunity for further research. One of the prominent approaches
that set out to solve the problem of object localisation is the Regions with CNN
(R-CNN) by Girshick et al. [19]. The authors use selective search algorithm to
propose approximately 2000 regions of interest. These regions are extracted from
the image.The extracted image patches are warped to the dimensions 227x227
and input to a CNN which outputs a 4096 dimensional feature vector. A set
of class specific SVM models are used to classify whether there is an object
of interest in the selected region and and a regression model is used to refine
the bounding box dimensions. In this approach the CNN acts a s rich feature
extractor and the actual classification was done by the SVM. They were able to
achieve a mean average precision (mAP) of 53.7% on the PASCAL VOC 2010
dataset [20]. Despite its good performance in terms of accuracy R-CNN had
several drawbacks. Object detection at test time was slow, the training process
was a multi stage pipeline with several componentes and the training process
was computationally expensive. In a later study the authors present Fast R-
CNN [21] as an improved approach over R-CNN. In the R-CNN model each
image proposal patch is fed forward through a deep convolutional neural network,
this method results in a performance bottleneck. If there were N proposals,
the CNN feedforwad computation has to occur N times. The new model solves
this problem by first feeding the full image through the CNN and creating a
convolutional feature map. Then for each proposal of interest a layer named Rol

pooling extracts the features and resizes them to a fixed aspect ratio. The Fast
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Figure 2-2: Region proposal done by the Region Proposal Network.Source [22]
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R-CNN makes another change in terns of the output ,where R-CNN relied on
class specific SVM estimators and regression models, the Fast R-CNN has two
sibling output layers. One layer outputs a vector of probabilities for the classes
the network is trained on, and the other layer outputs the bounding box regression
offsets. With these improvements the authors were able to obtain speed increase
of 10x to 100x at test time. There performance on the VOC 2007 dataset is
reported at mAP 70% , on VOC 2010 at mAP 68.8% and on VOC 2012 mAP
68.4%.

Another research that continued to make more improvements over the Fast
R-CNN is the aptly named Faster R-CNN [22] model by Ren et al. Despite
having a similar name to the previous discussed methods Faster R-CNN makes
some important changes. Instead of using selective search for region proposals, the
model uses a region proposal network which slides a window over the convolutional
feature map. The sliding windows are mapped to a lower dimensional feature
which in turn becomes the input to the final output layers. At each sliding
window center multiple region proposals named anchors are predicted. Each
region proposal consists of four bounding box coordinate values and two scores
that estimate the probability if the region contains an object 2-2. In this study
3 aspect ratio variations and 3 scale variations amounting to 9 anchor boxes are
predicted by each sliding window. The Faster R-CNN model exhibits improved
performance with 73.2% mAP for the PASCAL VOC 2007 dataset and 70.4%
mAP on the VOC 2012 test set.

The work done by Redmon et al. resulted in an object detection and localisa-

12



tion model dubbed You Only Look Once (YOLO) [23]. This model is capable in
handling the end to end object localisation process in a single network, taking in
the full image data as input only once, which is in contrast to the region proposal
and sliding window approaches discussed above. In other words the model looks
at the image only once, which was the inspiration for the YOLO model name.
The model divided the image into a grid of NzN cells. Each grid cell predicts
B bounding boxes, each of which consists the coordinates for the bounding box
and a object confidence score. Each grid cell predicts a set of C' class conditional
probabilities as well.Only one set of class probabilities are predicted per grid cell,
irrespective of how many bounding boxes the grid is predicting. The YOLO
model was capable of obtaining a high FPS performance of 45 frames per second
with an NVIDIA TITAN X GPU and a faster model was capable of performing
at 150 FPS.

2.3 Player tracking

As stated by Hue et al. [24] the main challenge of the problem comes down to the
assignment of the measurement observations to the target. Tracking in the sense
of object tracking involves the state estimation of an unknown object/objects.
The problem involves the identification and recursive localisation of an object
from sequential data that is available to the observer [25] . The problem can be
considered as having two aspects, namely the data association and estimation

which needs to be considered together.

2.3.1 Recursive bayesian estimation based player tracking

In the research conducted by Zhu et al.[7] a particle filter which uses Support
Vector Regression is used for the tracking of players which are detected from
the object detector discussed above. Particle filters need a large sample set in
order to be accurate. Since the computational costs increase with the size of the
sample set, the authors have employed the sample re-weighting approach that

was proposed by Vapnik [26] and have developed the Support Vector Regression
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particle filter. This approach strives to minimize the noise of the posterior dis-
tribution by combining support vector regression into Sequential Monte Carlo
algorithm.The experimental data includes broadcast videos from sports such as
soccer,hockey,basketball and American Football. From 4 videos 13 clips were ex-
tracted which summed up to a set of 3599 frames. The accuracy of the test results
were consistently high in the ranges above 80% accuracy for all tests. Some of the
limitations stated by the authors is that when the player pixel area is very small
which could happen due to the camera perspective, players will be dismissed be-
cause of wrongly identifying them as noise. As future work the authors plan on
solving the problems posed by occlusion.

In a similar study conducted by Liu et al. [8] on broadcast soccer videos the
problem of tracking players is formulated as a data association problem. The
players are detected and labeled as mentioned previously, and these results are
used as input to the tracking problem. The graph structure is defined over the
observational data where each node represents single observation and the edges
represent a relationship between neighboring observations. In order to find the
optimal solution Markov Chain Monte Carlo (MCMC) based strategy is used.
As mentioned earlier experiments were conducted on video from the 2006 soccer
world cup matches. From the match between Spain and France 100 consecutive
frames were extracted and manually labeled with the ground truth. The system
was able to accurately detect and track players even under occlusion. But authors
have not mentioned how long the occlusion had occurred. They were able to
obtain a precision of 99.32% precision and 94.43% recall against the ground truth.

In the study conducted by Wu et. al [27| they employ Relative Discrimina-
tive Histogram of Oriented Gradients (RDHOG) based Particle Filter tracker to
vehicles and to resolve situations when partial occlusion occur. The RDHOG de-
scriptor is an extension to the HOG descriptor. The difference between the two
can be seen when considering the blocks of cells. The RDHOG takes into con-
sideration the relationship between the central block and the surrounding blocks.

Background subtraction is performed on the image to identify foreground pix-

14



els and RDHOG is used to identify the target objects, in this instance vehicles.
The detected objects are input to the particle filter which initiates the tracking
procedure.

In contrast to the studies discussed above where a separate object detection
mechanism was used in the research done by Okuma et. al [9] uses a cascading
Adaboost algorithm to enhance the particle filter.At a higher level their study
employs a combination of mixture particle filters and Adaboost method which the
authors refer to as Boosted Particle Filter (BPF). Hue-Saturation-Value color his-
tograms are used to develop observational models. The HSV space is is used due
to the lack of susceptibility to variations in illumination in the HSV space. The
Bhattacharya similarity coefficient is calculated in order to measure the distance
between the reference color model and the candidate color model. The distance
is then used to model the likelihood distribution.The authors recall that particle
filters have a tendency to perform poorly when the posteriors are multi modal
(tracking multiple targets).In order to mitigate this issue and handle multiple
targets the mixture model approach is used which is derived from the Mixture
Particle Filter (MPF) developed by Vermak et al [25]. In this approach each
component is modeled by and individual particle filter and the resampling step is
delegated to the individual filters so as to mitigate the effects of sample depletion.

The experimental results show that the model is robust at handling new
objects moving into the frame. When a player enters the scene the Adaboost
mechanism detects the player, and the player is tracked by the BPF after as-
signing particles to it. The Adaboost does not perform very well under situations
where players appear in close quarters and the susceptibility of Adaboost towards
large variations in intensity is also evident in a situation where a camera was
flashed during the game, at which point Adaboost lost detection of several play-
ers.However the BPF handled and tracked the players in these situations making
up for the lack of failures of the Adaboost detector. The authors propose several
improvements, such as incorporating non-uniform backgrounds when training the

Adaboost detector and dynamic value selection for the weighting parameter.
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Although the BPF system by [9] demonstrated a robust hybrid tracking sys-
tem it did not fare well under mutual target occlusions. The study done by Cai
et al. [10] picks up from where [9] left and proposes several improvements to the
system, mainly focused towards improving the limitations in situations of mutual
occlusion.One of the main flaws pointed out by the authors in the previous re-
search is that the MPF used by Okuma et al. [9] has a fixed number of particles
and when a new object enters into the frame the some particles should be shared
between multiple entities leading to lower accuracy. During occlusions the merge
and split of particles in the MPF structure causes the loss of identities of the play-
ers. Therefore the researchers have continued using the boosting particle filter as
the main basic filtering component while incorporating independent particle sets
instead of using MPF. There is difficulty involved with modeling target motion
dynamics due to the motions involved with a non stationary camera. In order
to circumvent this they have mapped the locations of the target players in the
image coordinates to the coordinate domain of the hockey rink which behaves
like a stationary reference frame.Once this is achieved the motion of the hockey
players may be predicted with a constant velocity autoregressive model as the
players follow the physical laws of momentum. However hockey (ice hockey) is
a special case where the playing surface has a very low friction. Therefore ap-
plication of this technique may yield different results in other sporting domains.
Autoregressive models consider historical data to predict the current state of the

value.

Tt = Al‘t_l + BZEt_Q + ON(O, E) (21)

The authors formulate the autoregressive model in eq. (2.1) for the motion
dynamics of the target players. here A, B, are autoregression coefficients and
N(0,Y) is a Gaussian noise term with mean 0 and standard deviation 1. A
color model similar to [9] is built and where the target is split vertically into two
parts and histograms for which are built separately. The authors have resorted

to embedding the mean-shift algorithm in order to stabilize the tracking results
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with the expectation of improving tracking accuracy and reducing the impact
from background clutter and occlusion.

The RDHOG based particle filter by [27] utilizes the output provided by RD-
HOG detector to initialize trackers. If the frame rate of the video is sufficiently
high a moving vehicle should be detected in subsequent frames and the detected
objects should spatially overlap. The researchers use this premise to assign track-
ers to targets. If a detected object appears in consecutive frames with the targets
overlapping in each frame a particle is assigned to that target.

The Simple Online Realtime Tracking, a research conducted by [28| highlight
the importance of the object detection module in a tracking by detection ap-
proach. They present an online multiple object tracking framework that uses
the afore discussed Faster RCNN|22| as the object detection component with a
Kalman Filter and Hungarian algorithm for the object tracking component. The
authors focus on the problem of pedestrian tracking and do not consider detec-
tions of other classes for the tracking problem. They approximate displacement
of an object between frames with a linear constant velocity model independent
of other object motion and camera motion. The state of each target is modeled

by a vector z, as in eq. (2.2).

r = [u,v,s,r 1,057 (2.2)

In this state representation u and v represent the center coordinates of the
bounding box in image coordinate space. The variable s represents the area of
the bounding box and r the aspect ratio. In this model aspect ratio is considered
to be constant. The Kalman filter predicts what the next state of the target,
associations are then made with the new set of detections. When a successful
association is made, the detection bounding box coordinates are used to update
the target state. The assignment cost matrix is calculated by using the intersec-
tion over union (IOU) as a distance metric. Once the cost matrix is obtained
the hungarian algorithm is used to solve the assignment problem and make as-

sociations between target tracks and detections. The experiments are evaluated

17



on the MOT15 [29] benchmark. The authors were able to obtain a MOTA value
of 33.4 % and MOTP of 72.1% . In comparison there results exhibited a bet-
ter performance than other online tracking approaches that were used for the
comparison. The researchers state that with the use of a state of the art object
detector they were able to achieve good results even with a rudimentary approach

in the tracking component.

2.3.2 Data association

Data association in the context of target tracking is the problem of making cor-
respondence between new detections and track hypothesis. An approach that
has had success in finding associations between targets and observations is the
joint probabilistic data association (JPDA) [30] which calculates a joint proba-
bility score for the association of targets to the observations. In the basic form,
JPDA considers all possible associations between measurements and targets when
calculating a joint probability score[31]. This approach can be quite costly and
computationally hard. Various techniques have been employed in numerous stud-
ies to mitigate the complexity involved in calculating the probability score.
Hamid et al. [31] tries to tackle the problem by an approximate solution.
The JPDA consists calculating a marginalized probability score over the possi-
ble associations of targets and measurements, which may end up with a large
number of terms. The approach taken to mitigate this was to select the m best
probability hypotheses and to approximate the marginal probability as the sum
over these m hypotheses. First the problem was formulated as an integer linear
programming (ILP) problem. Once this is achieved, solution to the ILP gives
the best likelihood for the data association. However the above approximate so-
lution does not fare well under a time-varying number of targets.An extension
named integrated JPDA (IJPDA) has been used in literature, which introduces
extra computational complexity to the model.Instead a set of heuristics were
used. If an observation is not claimed by a target, it is initiated as a new tar-

get and if a the number of consecutive missed detections for a target reaches a
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certain threshold the corresponding track will be terminated. In order to eval-
uate the results optimal sub-pattern assignment for tracks (OSPA-T) as well as
CLEAR MOT [32] was used . A number of experiments were carried out on both
simulated data and real world data. The a single frame and a 3-frame JPDA (3F-
JPDA) proposed by the authors were compared against a Multiple Hypothesis
Tracking model (MHT') and Interacting Multiple Model Joint Probabilistic Data
Association (IMM-JDPA) model in previous studies. Overall the JPDA methods
exhibited good performance than the MHT method due to the handling of long
occlusions. The proposed JPDA model showed accuracy similar to the IMM-
JPDA model with significantly lower time.The 3F-JPDA had better accuracy,

but it took the longest time for the computation.

2.3.3 Neural networks based target tracking

The latest study conducted by Milan et al. [33] takes a very different approach to-
wards the problem of multi target tracking. Although deep learning has achieved
quite a lot of traction in the recent past in various domains including computer
vision [34, 15], applications towards the problem of multi target tracking is scarce
in literature. There study focus on employing Recurrent Neural Networks (RNN)
for the purpose of tracking multiple targets. From a high level perspective it can
be considered that RNNs work in a sequential manner.It is stated that RNNs are
good at predicting the state but faces troubles when handling the data associa-
tion task. In order to handle the data association component authors have used
Long Short Term Memory (LSTM) unit. The input vector at a given time state
is defined as z; € RY? where N is the number of targets to be tracked. Each
target is represented by the corresponding bounding box coordinates (z,y, w, h).

A temporal RNN is used for the state prediction and update component. The
RNN learns the dynamic model of targets along with an indicator for particle
death and birth rates. The prediction for each frame is dependent of the state
of the previous frame as well as the state of the hidden layers. A loss function

was developed that is based on the multi object tracking accuracy (MOTA) [32]
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metric. An LSTM network is proposed by the authors for the data association
component. The step by step functionality of the LSTM is used to predict and
assign the target.A softmax layer was applied to the outputs along with normal-
isation.The expected output is a vector consisting of probabilities of each target
for each observation. In order to calculate the loss due to false assignments, a neg-
ative log likelihood function was used. The approach was tested on data from the
MOTChallenge 2015 benchmark.As baseline methods two variations of Kalman
filters and an implementation of JPDA [30] method was used. One variation of
the network based on the hungarian data association and a network that uses
both RNN and LSTM fully were used in the experiments. The Neural models
developed by the authors exhibited a higher recall than other methods at 37.8%
and 37.1%. However the precision values of 75.2% and 73.5% was not enough to
outperform the precision by other methods.

Recent advances in the applications of convolutional neural network has led
researchers to incorporate features from CNN feature maps as object appearance
models. One such research was conducted by Hong et al [35] where they try to
use a discriminative saliency map as an object appearance model . The model
uses CNN that is pre trained for large scale image classification. Another layer
consisting of an online trained SVM is added to the network, this SVM is used to
learn the target appearance at each time step. The features relevant to the target
are identified by the parameters of the SVM and propagated backwards to obtain
a saliency map that highlights the object of interest. The saliency maps of the
positive examples are aggregated to build the target specific saliency map . In
order to perform the tracking the authors employee sequential Bayesian Filtering
by considering the saliency map as an observation. Target appearances in pre-
vious saliency maps are used to learn a generative model and a dense likelihood
map is calculated by convolution between the appearance model and the target-
specific saliency map. Once this is achieved the SVM model and the generative
model are updated. The authors were able to achieve a good performance under

occlusion with this approach. However the tests are focused on a single tracking
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scenarios, but it provides a good approach that needs to be extended towards a
multi target scenarios.

Using a similar approach Wang et al. [36] work on a study to exploit the
convolutional features of a fully convolutional network for online target tracking.
The researches take a CNN pretrained on a large dataset and analyse the feature
maps to find out which features respond best at discriminating a given target.
They select the features maps from conv4-3 and conv5-3 layers of the VGG-16
network for this purpose. The obtained features are reshaped into a d-dimensional
vector. The features are also used to create a mask of the foreground object by
a sparse encoding method. They conduct a series of experiments to identify that
layers higher up and closer to the output, in this case convb-3 are better at object
localisation as opposed to lower layers such as conv4-3 which are more sensitive
to intra class appearance differences. With these findings the authors create two
networks SNet and GNet which are fed the convolutional features conv4-3 and
conv4-5 respectively. The GNet is tasked with capturing the category information
of the target while the SNet works to discriminate target from similar looking
targets in the background. When a new frame comes into the tracking pipeline
a region of area centered around the previous target location with surrounding
background context is input to the network. The image first goes through the
VGG CNN and output the convolutional features, which then goes throug the
GNet and SNet. At the output layer the GNet and SNet networks outputs a
heatmap for the region activated by the target.Finally the target is determined
by a distracter detection scheme that decides which heat map to be used from
the GNet and SNet outputs.

Looking at these studies it is evident the tendency in the research community
to use already computed CNN features for target object appearance modelling.
On of the biggest appealing aspects of these features is the reduced computational
cost associated with training a full deep neural network. The research work done
by Wojke et al. [37] is also of interest to our research as it strives to develop

tracking by detection model with frame by frame data association. They focus
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on the simple framework used in the SORT by Bewley et al. [28] approach and
try to use those principals to build a robust tracking model. The authors state
that one of the main drawbacks with sort is the high number of identity switches.
The reason for this drawback is because the association metric accurate only
when the state estimation uncertainty is low. The solution the authors provide is
to employee a more robust association metric that takes into consideration both
motion and appearance information. With this approach the authors are able to
build a system that is robust against misses, and occlusions. The model uses a
Kalman filter with an 8 dimensional state space vector (u,v, h,~,,v,7) where
(z,y) are the center coordinates of the bounding box, v the aspect ratio and h
the height of the bounding box. For each track hypotheses an age counter is
maintained which indicates the number of iterations since it was last associated
with a detection. This age value is incremented at each Kalman prediction and
reset to 0 when a detection is associated with the track. If the age exceeds the
maximum age threshold, that track will be removed from the set of hypotheses.
The authors try to solve the data association between the Kalman estimates and
the new detections by incorporating motion and appearance information. The
motion aspect is taken into consideration by calculating the Mahalanobis distance
between the Kalman predictions and the detections. In order to take the target
appearance information into consideration the authors compute an appearance
embedding descriptor for each detection, furthermore a dictionary consisting the
appearance descriptors of previous detections associated with a given track is
also maintained. The cosine distance between the new detection and the track
is calculated as an appearance metric for data association. A CNN is used to
generate the appearance embedding descriptor, which is a 128 dimensional vector.
After each detection the image patch bounded by the detection dimensions is
extracted and fed to the CNN to obtain the appearance descriptor. The authors
combine the two distance metrics to obtain a single cost value for each detection
track pair and use a cascading matching algorithm to prioritise tracks with smaller

ages over tracks that has gone a long time without associations.
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2.4 FEvaluation

One of the important studies conducted recently towards building a set of common
metrics for measuring the performance of multiple object trackers is the research
conducted by Bernadin and Stiefelhagen [32]. The authors initially state the
qualities that are expected from a multiple object tracker. At all times the tracker
should be able to find the correct number of actual objects, estimate the location
of each target and it should be able to uniquely keep track of the objects. The
criteria for the evaluation metrics are derived based on these requirements as

follows.

1. The metrics should allow to determine a trackers precision with regard to

estimating a target location.

2. They should exhibit the trackers ability to consistently track object through

time, correctly trace one trajectory for each single object.

given a set of estimated object hypothesis hq, ..., h, and ground truth objects
01, ..0, the procedure is to first determine the best possible correspondence be-
tween h; and o; . Then compute the error for each object position estimation
and accumulate all correspondence errors. If a hypothesis was not output for
an object it will be considered as a missed calculation. Hypothesis to which no
real objects exists will be calculated as false positives. If a detected hypothesis
changed for an object compared to the previous frame, it will be calculated as
a mismatch error. Once this is achieved authors state that the tracking perfor-
mance can be expressed in two values, namely tracking precision and tracking
accuracy.

In this chapter we started our discussion by looking at the main approaches
used in literature for multi target tracking. We focussed our attention to discuss
the main problems of sports player tracking in comparison to pedestrian tracking
and tracking objects in a controlled setting. Emphasis was given to the impor-
tance of breaking down the problem into it’s main components of object detection

and tracking. We looked at classical approaches used for object detection and
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how the recent advances in object recognition and localisation frameworks util-
ising deep learning approaches have shaped the research landscape. With regard
to object tracking, we looked at several scenarios where studies were conducted
on sports specific events and we observe the success of recursive bayesian estima-
tion based techniques in these studies . We briefly discuss the data association
methods used in some of the studies and the recent trend in using deep learning
approaches such as RNNs in tracking scenarios as well. Delving further into the
domain of deep learning we observe the recent approaches of repurposing deep
convolutional features for target appearance modelling. Finally we have a look
at evaluation metrics that are commonly used in literature such as MOTA and
MOTP. In the next chapter the discussion will be focussed on the methodology
we propose to solve the multi target tracking problem. Our aim is to treat the
problem as a tracking by detection problem due to the success this approach has
had in literature. We have an in depth discussion about the details of the object

detection module followed by the tracking module.
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Chapter 3

METHODOLOGY

The problem of multiple player tracking in rugby has some similarities with other
sporting domains that were discussed in the previous chapter such as the un-
predictable and erratic movements of players. At the same time it poses some
unique problems of its own to be solved. A game of rugby may involve two types
of playing situations referred to as set play and open play. Set play is a predefined
playing scenario usually originating from a scrum or a lineout with a static field
position. Open play is when a sequence of playing scenarios occur without the
stoppage of time, or interruption by the referee.

Playing scenarios that can occur during open play are Maul, Ruck and Tackle
which are collectively referred to as breakdowns as they indicate a breakdown of
open play. The general movements of players are similar to the sports discussed.
Main distinguishing factor between an open play and a set play is that set play
is started with the referees whistle whereas open play occurs as a continuous
sequence of uninterrupted events. Due to the dynamic nature involved with open
play scenarios it is vital to keep track of how players position themselves, arrive
at the break downs and how they react to certain events. In contrast set play
does not need in depth analysis as factors such as player positioning and running
angles are predefined and are originating from a static position. Therefore the
study will be mainly focused towards events related to open play events. In the
discussion that follows the term "breakdown" will be used to refer to all open
play events such as rucks,mauls and tackles.

Considering the main approaches discussed in the literature and the success
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it has exhibited in the past it is evident that a player detection and tracking
approach is more suitable for this study in order to discriminate between players
movements and identify breakdown events. Therefore our tracking system will
be consisting of two main subsystems that will be acting in two steps .

In the first step the player detector will detect players and breakdowns in video
frames when they occur. In the second step the object tracker will be making
associations between the newly detected observations and the established track
hypotheses. If a tracked player is not detected for a certain amount of time
the track hypothesis associated to the player will be removed. Similarly when a
previously unknown player enters the frame a new track hypothesis will be added
by the tracker subsystem. In order to obtain the best tracking performance
the data association step makes use of several approaches such as bounding box
intersection over union, Kalman filter motion prediction and object appearance
embedding based distance for track re-identification.

The next sections will be describing in detail the different components of
the full tracking system. We will start with object detection and move on to
the tracking system where the data association and tracking components will be

discussed in detail.

3.1 Player and break down detection

A large amount of research has been conducted in the domain of object recog-
nition and localisation in the recent past. As discussed in the literature review
the recent success of methods such as R-CNN,Fast R-CNN, Faster R-CNN and
YOLO [19, 21, 22, 23| has provided a platform on which to tackle the problems of
object recognition in specialised domains. One such method, YOLO|23] provides
a set of capabilities that are ideal for our research. This approach is primarily
different from other approaches mentioned above, the object detection, classifica-
tion and localisation occur in one single network. Since YOLO employees a grid
based approach to localise objects of interest the need for cumbersome iterative

approaches such as sliding window and computationally expensive approaches
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such as region proposals can be eliminated. The specific YOLO model that we
will be using is called YOLO V3 [38] which has several incremental improvements
over the original version.

Since the final objective of the research is to develop a system that is able to
track rugby players across time we focus our attention mainly on using a trained
model based approach such as YOLO for object detection and focus our efforts
on the holistic system . To this end we do not focus on classical computer vision

based approaches to solve the object detection problem.

3.1.1 Object detection and localisation with YOLO

At a higher level the YOLO model makes use of a fully convolutional neural
network that acts as a feature extractor for an input image. The output layer
predicts the bounding box coordinates for detected objects, the class probabilities
an object confidence score.In the next few subsections we will have an in depth

look at each component of YOLO model.

Feature extraction at multiple scales

The YOLO model makes use of a network architecture dubbed Darknet-53. The
Darknet-53 network is a fully convolutional neural network (FCN) which consists
of 53 convolutional layers (table 3.1) along with residual and upsampling layers.
Since the network does not make use of pooling layers miniscule details of the
input image are preserved relative to the downsampling that occured with the
use of pooling. This network architecture is able to make predictions on features
generated at three different scales. At some predefined layers, the layer output is
routed to the output layer directly with skip connections. These routed output
feature maps have dimensions (13,13), (26,26) and (52,52) corresponding to the
grid sizes they represent. We are able to make detections at three different scales

by this increase in grid cell resolution.
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Table 3.1: Darknet 53

Type Filter Size Output

Convolutional 32 3x3 256 x 256
Convolutional 63 3x3/2 128 x128

1 x | Convolutional 32 1x1
Convolutional 64 3x3
Residual 128 X 128
Convolutional 128 3x3 /2 64 x 64
2 x | Convolutional 64 1x1
Convolutional 128 3x3
Residual 64 x 64

Convolutional 256 3x3 /2 32x32
8 x | Convolutional 128 1x1
Convolutional 256 3x3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
8 x | Convolutional 256 1x1
Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3 /2 8x8
4 x | Convolutional 512 1x1
Convolutional 1024 3x3

Residual 8§x 8
Convolutional 512 3x3/2 16x 16
Avgpool Global

Connected 1000

Softmax

Object localisation with anchor boxes and grid

As mentioned in the introduction one of the main advantages of YOLO is that it
goes through the image only once as opposed to other approaches that employee
region proposals or sliding windows that are used to localise the objects of interest.
In order to achieve this the image is divided into a grid of N x N cells. Each
cell is responsible for predicting the bounding box coordinates along with the
confidence score of how confident the cell is about the predicted bounding b