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Abstract

Automatic sports video understanding can enhance athlete performance analysis, coaching
strategies, and the viewing experience. A core challenge is the reliable identi cation and track-
ing of players in team sports, where athletes look visually similar, often occlude each other,
and jersey numbers are visible only intermittently. This dissertation addresses these challenges
through three interconnected tasks: team a liation classi cation, jersey number recognition,
and long-term multi-object tracking.

We rst introduce a self-supervised method for team a liation classi cation that uses con-
trastive learning to cluster players into teams without labeled data. This approach generalizes
to unseen uniforms and games, reduces the burn-in time compared to color-based methods,
and enables downstream applications such as team-conditioned heatmaps. Second, we propose
a jersey number recognition pipeline that leverages advances in scene text recognition. By
combining legibility Itering, pose-based torso localization, and sequence-level aggregation, the
pipeline achieves strong results on a novel hockey dataset and the SoccerNet benchmark, and
generalizes across di erent sports and camera geometries. Third, we present SportsSUSHI, a
graph-based tracking framework that integrates domain-speci c identity cues | team labels and
jersey numbers ] into the association process. This improves long-term tracking performance
under frequent occlusions and moving cameras.

To support this work, we introduce a new university hockey dataset with annotations for
team a liation, jersey numbers, and tracking. Together with evaluations on SoccerNet and
other benchmarks, our results demonstrate robustness within hockey and strong cross-domain
generalization.

In summary, this dissertation contributes three key capabilities | unsupervised team classi -
cation, transferable jersey number recognition, and identity-aware tracking J that form a uni ed

framework for sports video analysis. These methods provide accurate and generalizable tools



for understanding player behavior across diverse sports, laying a foundation for future advances

in analytics, coaching, and media applications.
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Chapter 1

Introduction

Sports video understanding and automatic statistics are valuable applications of computer vision.
They can help coaches in training, enable e cient game analysis, and enrich the sports viewing
experience. Identifying and keeping track of players for the duration of the game is one of the
most fundamental tasks in automatic sports video understanding. Itis vital for monitoring player
movements and interactions throughout the game. It provides a dynamic view of the game,
0 ering insights into player positioning, movement patterns, and physical engagements. Player
tracking and player identi cation are crucial for athlete performance analysis. By understanding
player movements, coaches can make informed decisions about player conditioning, substitutions,
and tactical adjustments.

Traditionally, people tracking systems use appearance features to maintain the identity of
the tracked person. In team sports, players on the same team have a very similar appearance.
Players can be uniquely identi ed by their team a liation and jersey number. Building systems
that can accurately recognize these two attributes is valuable in itself but can also be used to
facilitate player tracking.

In this work, we explore three main questions. Given a video of the game:
" How can a player's team a liation be identi ed?
" How can a player's jersey humber be recognized?

~ How can a player be tracked for a long duration?

These tasks are di cult due to the dynamic nature of team sports. Motion blur, camera

movement, change of illumination, and frequent occlusions make both recognition and tracking



challenging. Jersey numbers, in particular, are only visible on a fraction of the frames due to the
player's position relative to the camera, motion blur, occlusions and fabric deformations. Player
tracking is di cult not only because of the similarity in appearance of the players but also due
to players' tendency to shift positions quickly and occlude each other for extended periods. This
makes maintaining tracks for each player throughout the video clip extremely di cult.

To make team a liation and jersey recognition methods applicable to real-life use cases,
methods need to be able to generalize well to unseen games, with di erent teams and jersey
numbers that were not present at training time. Ideally, the methods will also generalize well
from one sport to another to avoid costly data annotation and network re-training. In our work,
we propose an unsupervised team a liation classi cation method that does not require labelled
data to adapt to new previously unseen teams. We also propose a robust jersey recognition
pipeline that generalizes well to unseen jersey numbers and performs well when applied to a
di erent sport. Further, we aim to utilize both of these methods to improve the long-term
tracking of players under challenging settings such as moving cameras and frequent occlusions.

Multiple-object tracking is a booming area of computer vision that concentrates mainly on
pedestrian tracking due to the existence of large pedestrian-tracking datasets such as the MOT
Benchmark [3]. Similarly, a large number of methods have been proposed for pedestrian re-
identi cation due to the existence of datasets such as [105, 92]. Development of player tracking
methods, jersey number recognition and team ID classi cation has lagged due to the lack of
large public datasets for these tasks. To enable our work and to facilitate further advancements
in the area, we propose a hockey dataset that is comprised of university hockey videos recorded
with a static camera and capturing the whole rink. We annotate the dataset for 3 tasks: team
a liation, jersey number recognition, and player tracking. Detailed information on each part of
the dataset is provided in the chapters corresponding to the tasks.

In the last couple of years, two new large-scale datasets for sports have been introduced:
SoccerNet [33] and SportsMOT [25]. The introduction of these datasets enables comparison
between proposed methods. In addition to staging experiments on our data, we compare the
performance of our jersey number recognition and player tracking methods on publicly available
SoccerNet [33] dataset.

Our contributions are:

~ High-performing unsupervised method for team a liation classi cation that generalizes



well to new previously unseen teams.

~ Jersey number recognition pipeline based on scene text recognition that generalizes well

to previously unseen jersey numbers as well as to new sports.

" Player tracking system that incorporates player ID (team a liation and jersey number)

for long-term player tracking.

~

Novel hockey dataset with annotations for team a liation, jersey number recognition and

player tracking.

In the following three chapters, we address each of these three tasks: team a liation, jersey
number recognition and player tracking. We discuss previous work, our proposed methodology,

datasets and experimental results.



Chapter 2

Team A liation

2.1 Introduction

Team membership classi cation (i.e. labelling each person on a playing surface as a member of
team A, team B or a referee) is a critical task in sports video analytics: most inferences and
statistics depend upon knowing which players are on each team, including attempts on goal,
o sides, and player con gurations. Accurate team a liation labels can also improve player
tracking. The problem can be challenging due to the extreme variations in player pose, occlu-
sions, motion blur and uneven illumination.

Prior work (e.g., [61, 47]) has framed the problem as a supervised learning task in which
labelled data (e.g., bounding boxes with team identi ers) are used to learn a classi er. Early
supervised methods employed hand-crafted colour-based features [62, 60], while more recent
approaches train convolutional neural networks (CNNs) on labelled datasets to perform player
segmentation [47] and classi cation [61].

Unfortunately, the supervised player classi cation approach [61] has limited application,
since it requires ne-tuning on every new game for optimal classi er performance. The team
segmentation approach [47] has been found to generalize better but does not provide player
instance segmentation and requires expensive pixel-wise annotation to train the system. For all
of these reasons, an unsupervised approach is preferred.

To date, unsupervised approaches [71, 48, 26, 14, 87] rely solely on colour-based features
such as colour histograms. While these are simple and lightweight, typically many frames are

needed from each new game in order to learn the colour distributions, and these methods fail



when the two teams are wearing similar colours.

Our goal is to understand whether a more powerful representation, which may include both
colour and con gural information, can be learned in a fully unsupervised manner, and whether
such a representation can reduce the number of frames needed for training and improve gener-
alization to novel teams, jerseys, lighting and camera parameters.

To achieve this, we employ unsupervised contrastive learning to train a CNN to cluster
players into two teams. We demonstrate our system's performance on a new hockey dataset and
compare it to previously proposed unsupervised team a liation learning approaches. Figure 2.1
demonstrates overall system design.

Our main contributions are:

1. We introduce what is, to our knowledge, the rst unsupervised deep learning approach
for team classi cation. This novel contrastive learning approach allows us to generalize to

novel games, teams and jerseys without labelled data.

2. We introduce a new annotated hockey dataset that can be used to evaluate player detection

and team classi cation algorithms.

3. We show that our novel unsupervised algorithm outperforms prior unsupervised approaches
by a large margin, especially when only a small number of frames are available for unsu-
pervised learning before team assignments must be made. This limits the burn-in time
for real-time streaming applications and allows the system to adapt quickly to changes in

lighting or camera parameters.

4. We show how our system for team classi cation can be used to produce accurate team-

conditioned heat maps of player positioning, useful for coaching and strategic analysis.

2.2 Related Work

2.2.1 Player Classi cation

Automatic labelling of players according to team is critical for sport video understanding, in-
cluding player tracking [62, 60, 87, 10], player con guration analysis, activity recognition [14]

and detection of game events [26].



Figure 2.1: Overview of the proposed system. Mask R-CNN is rst used to detect and segment
each person on the playing surface. A pre-trained CNN is then used to classify referees, while the
remaining players are passed to our embedding network for clustering into teams. This allows

the production of heat maps showing the distribution of the two teams over the playing surface.



Early work relied on colour histograms [71, 10, 48, 26, 62, 60, 14] and “bag of words' rep-
resentations of colour features [87]. These approaches are lightweight, however, the exclusive
reliance on colour features makes them more sensitive to illumination changes and could lead to
lower performance when teams are wearing similar colours.

In recent years, supervised deep learning-based methods for player detection and player
labelling have been proposed [61, 47]. These methods perform well but require labelled data for
training. In [47], a CNN is trained to segment players and generate team pixel-wise descriptors,
where pixels of players from the same team have descriptors that are close in embedding space.
Pixels are then clustered to identify the players on the two teams. This method requires pixel-
level team labelling to train the network and per-image pixel-level clustering at the inference
stage. Moreover, it does not provide instance-level segmentation so would not be suitable for
use in player location heatmap generation.

Lu et al. [61] also take a supervised approach, employing a cascaded CNN to learn team
membership classi cation (team A, team B and others) from labelled data. This method has
good results but does not generalize well and thus requires ne-tuning on labelled samples from
a new game in order to be used for that game.

Clearly, both simple colour-based unsupervised approaches and more sophisticated CNN-
based supervised approaches have limitations. Here we explore whether modern deep unsuper-

vised learning methods can be used to overcome these limitations.

2.2.2 Contrastive Learning and Deep Clustering

Contrastive learning [36] is a self-supervised representation learning approach that aims to map
similar objects to be close in embedding space and dissimilar objects further apart and has been
shown to produce excellent results on a number of tasks [37, 21]. In our work we use a simple
CNN trained with triplet loss [42] to learn a feature space that best separates players into two
teams.

Recent work in contrastive learning [37, 21] shows excellent results in unsupervised represen-
tation learning on large datasets such as ImageNet[79] or COCO[57]. These methods are based
on noise contrastive estimation and involve using an anchor (typically an augmented version
of an original image), one positive (another augmented version of the same image) and a large

number of negatives, randomly picked from the training set. This setup works well for a dataset



with a large number of categories, where randomly picked images are unlikely to contain many
positives. In our setting, however, although we have a large number of images we have a rel-
atively small number of categories (unique jersey designs). More precisely, ImageNet contains
1000 categories and our training dataset has 10. As a consequence, in our setting using random
images as negatives results in a 10% of false negatives. This adversely a ects training. For this
reason, a simple triplet loss works much better in our setting.

Our work is inspired in part by deep clustering approaches [97, 99, 99] in which CNNs are
used to jointly learn feature representations and cluster centres in an unsupervised fashion. In
our approach, we use pseudo-labels from an initial k-means clustering as a supervision signal to
train our contrastive learning CNN. The main divergence from prior methods is that we are only
interested in learning feature space that will lead to good data separation - cluster centres can
be quite di erent in each new game. Once trained, the network is only used to extract features

from player images.

2.3 Method

2.3.1 Overview

Our general goal is to develop automatic sports analysis tools that provide valuable visualiza-
tions, statistics and analyses for coaches and players. Our current work is focused on hockey,
but can easily be adapted to other team sports such as soccer, basketball and football. We
design and evaluate a system that automatically detects players, classi es them into teams and
returns a heatmap of the distribution of players for each of the two teams.

We employ video from a stationary 4K camera that captures the whole playing surface,
and use the Mask R-CNN network [38]) to detect and segment all people on the ice, including
the players from the two teams and the referees. Since the referee uniform is consistent across
games, we rst train a CNN to perform referee classi cation based on labelled data (referee,
non-referee).

In order to classify players we employ an embedding CNN trained with triplet loss to extract
a learned feature vector for each player image. We then use k-means to estimate cluster centres
for the two teams from one or more initial frames of the video. On all subsequent frames, we

assign each player to a team based on the closest cluster centre in the feature space. Using



a learned homography, we geo-locate each detected player on the ice surface and use kernel
density estimation (KDE) to construct a heatmap representing the distribution of players across

the playing surface for each team. Figure 2.1 shows the pipeline for our system.

2.3.2 Dataset

We introduce a new labelled hockey video dataset. Despite the variety of available sports video
datasets [1, 33, 25], to the best of our knowledge our new hockey dataset will be the only publicly
available sport video dataset that contains team a liation labels.

The dataset is drawn from 15 di erent hockey games captured over two seasons. Seven of the
games (season 1) are captured with a wide- eld stationary 4K (3840 2160 pixel) 30 fps camera
that captures nearly the whole rink. In order to better capture the whole rink, season 2 games
are captured by two 4K cameras with 75-degree horizontal displacement, together capturing the
whole rink with modest overlap. We de ned a virtual camera with intrinsic parameters matching
the two real cameras and extrinsic parameters equal to the mean of the two real cameras. Each
of the two camera images was recti ed to the virtual camera through a homography with the
ice surface. The two virtual images were then smoothly blended. The resulting season 2 videos
have a resolution of 5930 1080 pixels.

We manually close-cropped the videos to the 3840900 (season 1 games) and 568®04 (sea-
son 2 games) rectangle bounding the rink (Fig. 2.1). From each game, we randomly extracted
a video clip of roughly 850 frames (28 sec). Each game contains a unique combination of player
uniforms, and since play is active in each clip there is considerable variation in player pose,
motion blur and occlusions between players. Players were automatically detected using Mask
R-CNN (see below). To eliminate coaches and bench players, we applied a heuristic to exclude
detections close to the bottom of the frame that had bounding box height less than twice the
width.

For evaluation only, we manually annotated every 10th frame of each game clip, thus ob-

taining between 80-90 labelled frames per game. Annotations consist of:
1. Mask R-CNN detections
" Class label (Team A, Team B, Referee)

2. Manual detections (including players not detected by Mask R-CNN)



Class label (Team A, Team B)

Estimated image projections of points of contact with the playing surface (skates on

the ice)

To label the Mask R-CNN detections, extracted player images with segmentation masks
applied were manually inspected one by one. Only the images that could be identi ed by visual
inspection to belong to a player (Team A, Team B ) or referee were labelled, the rest were
marked as false positives. If there were multiple players within one extracted image the player
with the most pixels in the mask was selected.

We use the Mask-RCNN labels of detected players to evaluate the accuracy of team classi-
cation algorithms and the manual detection annotations to evaluate the accuracy of our team
positioning heatmaps.

The 15-game dataset was divided into training, validation and test sets with a 9-2-4 split.
Both training and test set contains a mix of season 1 and season 2 games. One limitation of the
dataset is that even though each game has a unique combination of teams playing, some teams
appear multiple times through the dataset. We have ensured that the test set includes a game

with previously unseen teams.

2.3.3 Player Detection and Segmentation

We employ Mask R-CNN [38] trained on MS COCO [57] to detect and segment all people on the
playing surface. To adapt to the di erent resolution, aspect ratio and expected size of people
in our video relative to MS COCO, we partitioned each frame into left and right images with

a 40-pixel central overlap, running Mask R-CNN on each individually before merging results.
Bounding boxes detected in the left image that overlap boxes detected in the right image by
45% or more are merged by selecting the larger of the two boxes. We de ne the estimated image

location of each player as the mid-point of the lower boundary of the R-CNN bounding box.

2.3.4 Referee Classier

Since referee uniforms are consistent across games, a supervised approach is appropriate. We
use the referee/non-referee labels from our Mask R-CNN detections to train and evaluate a

simple CNN classi er. This is the only way that labelled data is used in our system, aside

10



from evaluation. Our CNN classi er takes as input R-CNN detection images with segmentation
masks applied and classi es them as referee or non-referee. We employ a small CNN with
3 convolutional layers (16, 32, and 64 output channels) and 3x3 kernels followed by 2 fully
connected layers. We train the network with a binary cross-entropy loss function, employing the

Adam optimizer.

2.3.5 Unsupervised Team Assignment: Feature Learning and Clustering

An ideal team labelling algorithm will be unsupervised, generalizing to new games without
needing any labelled data, and will require minimal frames (burn-in time) from the beginning
of the game to determine accurate labels for each player on the team.

Previous unsupervised approaches used colour features such as histograms and bag-of-colours.
These approaches can be e ective but since they do not consider spatial features, performance
may su er when teams are wearing jerseys with similar colour pro les, or when illumination vari-
ations render colour features unreliable. Here we explore whether an embedding CNN trained
by contrastive learning can produce a more powerful representation that, by incorporating both
colour and spatial features, can learn a reliable feature representation from fewer frames, and
thus have a shorter burn-in time.

We employ a CNN with 3 convolutional layers (16, 32, and 64 channels) and 3x3 kernels,
each followed by a pooling layer, and two fully connected layers. The last layer returns a feature
vector of length 1024. We train our network using the Adam optimizer on a training set of games
using a triplet loss [42]. Input is a triplet of extracted images with the R-CNN mask applied:
an anchor image, a positive image and a negative image. The positive image is an image of a
player believed to be from the same team as the anchor image, while the negative image is a
player believed to be on the other team. The triplet loss function, when back-propagated, drives
the network to decrease the distance in the embedding space between the anchor and positive
images while increasing the distance between the anchor and negative images. In order to ensure
that the learned representation does not exclusively rely on colour, we randomly convert 50% of
training triplets to grayscale.

Unsupervised training of the embedding network requires a method for estimating whether
two input images have the same or di erent labels. We seed this process with a simple colour-

based distance measure, representing each image as a normalized RGB histogram with 8 bins

11



per colour channel and then using k-means to cluster players into two teams.
To form the triplets, we rst rank the player images X; in terms of their team assignment

con dence scorespj , using a standard “soft k-means' measure:

kX cok
; 2.1
Pi1 kxj cik+ kx; cok (2.1)
kx;i c1k
P2 = L 2.2)

kxi cik+ kx; co2k

where ¢; is the centre of clusterj and p; is the con dence with which image i is assigned to
cluster j.

We consider only high-con dence samples g > 0:9)) for training to limit the label noise.

We then randomly form triplets by sampling the anchor and positive images from one cluster
(anchor and positive example) and the negative image from the other.

As the training proceeds we regenerate these pseudo-labels and training triplets, but replacing
the histogram representation with the evolving embedded representation learned by the network.
We train until convergence (no improvement on the validation data for 3 epochs) or a maximum
of 30 epochs on the initial colour histogram pseudo-labels and then generate new pseudo-labels
from the evolving embedded representation every 10 epochs (or until convergence). We nd
that the proportion of high-con dence samples grows over time, indicating that the network
is learning a representation that improves data separation. Figure 2.2 illustrates this training
process.

Once unsupervised training of the embedding network on the training set is complete, we
apply the network to novel games with unseen teams and uniforms. We use the rshy,, frames
of the unseen game as input to k-means to determine the two cluster centres for this new game in
the pre-learned embedding space. Once the cluster centres are identi ed, we associate detected
players in subsequent frames with the nearest cluster centre, and evaluate on annotated frames.

Figure 2.3 illustrates our use of data for training and evaluation purposes.

2.3.6 Team Positioning Heatmaps

One of the many useful applications of player detection and labelling is the generation of team
positioning heatmaps that can help coaches and players understand how their players and the

players on the opposing team tend to be distributed throughout a game or portion of the game.
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Figure 2.2: Self-supervised training of embedding network.

To generate these heatmaps, we rst map player detections from image coordinates to the
canonical playing surface. This is done using a homography transformation, which is a 2D
projective mapping that relates points on a plane in the real world (e.g., the ice surface) to their
projections in the image plane. In essence, a homography captures how the at surface of the
rink appears under perspective distortion in the video. Once the homography is known, any
point detected in the image (such as the bottom midpoint of a player's bounding box) can be
consistently transferred to its corresponding location on a top-down model of the rink.

The homography was computed by identifying 19 corresponding pairs of reference points
between a video frame and a template model of the ice rink. These points included easily
identi able landmarks such as faceo circles, goal creases, and rink corners. Given these cor-
respondences, we estimated the transformation parameters using the standard least-squares
reprojection method [65]. In this approach, the homography matrix H is chosen to minimize the
reprojection error between the transformed image points and their known ground-truth positions
on the rink template. This process ensures that, on average, points on the playing surface are
mapped as accurately as possible to their true rink locations.

After calculating the homography matrix, we used it to transfer all detected player positions

into rink coordinates. Combining these positions with the team a liations inferred by our
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Figure 2.3: Data usage for training and evaluation. a) Labelled frames are used to train the
referee classi er, but the embedding network representation is learned in an unsupervised fash-
ion, without reference to labels. b) To perform inference on a novel video, we use the rshpym
frames to nd cluster centres in the learned embedded representation. Labelled frames are used

only for evaluation.
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unsupervised contrastive learning algorithm over multiple frames, we then computed recti ed
player density maps (players per square metre per frame). These maps were generated by
smoothing the projected positions using Gaussian kernel density estimation (KDE) [78, 73],
which provides a continuous estimate of spatial occupancy. Figure 2.6 shows examples of these
automatically generated maps, which highlight dominant player formations and spatial usage

patterns.

2.4 Evaluation

2.4.1 Implementation Details

Our system is implemented in Python 3 with Pytorch and Sklearn. We use the publicly-available
Mask R-CNN network and weights [7] with a con dence threshold of 0.6. Both referee and
embedding networks take as input player images with segmentation masks applied, resized to
62 128 pixels, roughly the average size of a player image. To reduce the impact of illumination
variations we applied an a ne transform 1qx;y) = al (x;y) + bto the intensities |; of all three
channelsi 2 f R; G; B g such that miny., 12=0 and maxy. 12= 255.

K-means computation of cluster centres entails 10 random initializations: The solution that
minimizes the mean squared deviation from cluster centres is selected.

The code and data are available athttps://github.com/mkoshkina/teamld

2.4.2 Comparison with Other Unsupervised Approaches

We compare the performance of our unsupervised team a liation algorithm against the two
main previously proposed unsupervised team labelling approaches: colour histograms [71, 48,
26, 62, 60, 14] and bag-of-words representations of colour features [87]. Since the code and
datasets for these previous approaches are not available, we performed a hyperparameter search
using k-fold cross-validation to determine the optimal parameters and used k-means clustering
to determine cluster centres. These optimal parameters were the number of bins per channel for
the histogram algorithm and the number of words for the bag of colours algorithm. In addition,

we evaluated whether to use the entire segmented player or just the upper half, since the lower
half of the uniform is fairly consistent across teams, and also experimented with multiple colour

spaces (see below).
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We also experiment with replacing features learned by our contrastive learning network with
features learned with convolutional autoencoder (see Section 2.4.2).
Comparison with previously used supervised approaches [61, 47] is not feasible as the code

and datasets are not available.

Colour Histogram Algorithm

Our colour histogram method simply histograms the colours within the segmented player, nor-
malizing them by the number of pixels. We experimented with RGB, LAB and HSV colour
spaces, and also tried eliminating the luma or value channel (i.e., two-dimensional AB and HV
spaces) to reduce sensitivity to illumination, but found optimal performance with RGB coding.
Cluster centres are then found using k-means, using Euclidean distance in the colour his-
togram space. The single hyperparameter is the numben of bins per channel: k-fold cross-
validation revealed that n = 8 produces the best results for our dataset. We also found that
performance was slightly better if only the upper half of the segmented player was considered

as the player jerseys are most distinct between teams.

Bag-of-Colours Algorithm

In our bag-of-colours method, we employ the expectation maximization algorithm to t a Gaus-
sian mixture model (GMM) with n components to the normalized colours of the players in the
initial training partition of the novel game. These components then form the words of a dic-
tionary with which to encode players in subsequent frames. K-fold cross-validation reveals that
n = 35 components yield optimal results. We use k-means clustering to nd each team's cluster
centres in this 35-dimensional space and assign players to the closest cluster. We again nd that
considering only the top half of the segmented player yields superior results. We also consider a
variation of this approach, pretraining bag-of-colours, where the dictionary of colours is learned

on the training set games.

Autoencoder

For additional comparison, we use a small convolutional autoencoder [70] trained on image
reconstruction. The encoder network architecture is kept the same as our embedding network

and the decoder mirrors the encoder. After training on the images in our training set, we

16



Figure 2.4: Precision-recall curve of the referee classi er.

used the encoder portion to extract a 1024-feature vector for each test image. We then use
these features in the same setting as our embedding features to rst learn cluster centres on the

burn-in frames and then assign players to the closest centre for the rest of the frames.

2.4.3 Evaluation Methodology

We evaluate team a liation labelling on players detected by mask R-CNN. These include false
positives and imperfect segmentations. In addition, since the referee classi er is also imperfect,
some referees will be incorrectly classi ed as players and will add noise to the contrastive learning
process. We test both our supervised referee classi er and our unsupervised embedding network
team classi er on the test set consisting of 4 games.

Accuracy is evaluated over the 30 annotated frames immediately following the burn-in in-
terval. Since every tenth frame is annotated, this represents roughly 10 sec of video at 30
fps.

We assess the e ects of noise in initial pseudo-labels on embedding network performance
by considering di erent team assignment con dence scoregy; thresholds. A higher con dence
threshold leads to better clustering performance. We include this evaluation in supplementary

materials.
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Method Npurn = 1 Npurn = 512
Colour Histogram 0:87 0:031 | 0:97 0:012
Bag-of-colours 0:76 0:032 | 0:97 0:018
Pretrained Bag-of-colours| 0:86 0:099 | 0:89 0:189
Autoencoder 0:70 0076 | 092 0:099
Embedding CNN 0:94 0:009 | 0:97 0:011

Table 2.1: Team classi cation accuracy as a function of the numbemy,, of frames available
for learning cluster centres prior to inference. We show the mean and standard error of the

accuracy over 4 test games.

2.4.4 Referee Classi cation

For each game, we have 80-90 frames annotated frames and there are 3-4 referees on the rink,
so for 9 training games we have 2000 referees in our training set, augmenting these by left/right
re ections yields a total of 4000 training vectors. Employing a softmax threshold of 0.5, we
achieve a mean accuracy of 98% with 93%, precision, 96% recall. Figure 2.4 shows precision

recall curve for the referee classi er.

2.4.5 Team Classi cation

Table 2.1 shows the mean accuracy of team classi cation for all algorithms under evaluation.
Results depend upon the numbemy,, of frames available for learning cluster centres prior to
inference. Whenny,, is large (512 in this case), two colour-based and our methods perform
fairly well, with colour-based methods rivalling our CNN approach. However, whennpym is
small (1 in this case), the performance of the colour-only methods drops dramatically, while our
embedding CNN approach still performs very well.

This behaviour is shown in more detail in Fig. 2.5. We see that the simpler colour-based
approaches and autoencoder approach improve continuously as the number of training frames
increases, while our embedding CNN approach performs well even with only one training frame,
improving only modestly thereafter. At least 512 burn-in frames are required before the pure

colour approaches begin to rival our embedding CNN algorithm. The autoencoder method is
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Figure 2.5: Error rate as a function of the numberny,, of initial frames used to learn cluster

centres. We show the mean error of the accuracy over 4 test games

lagging behind even with 512 burn-in frames.

We believe that the advantage of our embedding CNN approach derives from the ability of our
unsupervised contrastive learning network to learn from the training games an embedding space
that is more e ective for discriminating teams than colour histograms. This more discriminative

space then allows well-separated cluster centres to be learned very quickly from the novel game.

2.4.6 Team Position Heatmaps Results

One useful application of player detection and team classi cation is to allow visualization of
team positioning over the course of a game or a portion of a game. We demonstrate this by
generating heatmaps for each game based on the 800-900 frames used for each game in our
experiments. A learned homography is employed to back-project the image location (midpoint

of the bottom boundary of the bounding box) to the playing surface. We also back-project our
manual detections (Section 2.3.2) to form a ground-truth heatmap. Gaussian kernel density
estimation [78, 73] is then used to estimate the player density (players per metre squared per
frame) for both estimated and ground-truth heatmaps. The Gaussian bandwidth for KDE is

calculated using Silverman's rule of thumb [80], and is roughly 30 pixels for all images (template
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Figure 2.6: Team positioning heatmaps for a test game.

rink image size is 496x240 pixels).

Figure 2.6 shows example results from one test game for the three-team classi cation methods
using npyrn = 1 frames to learn cluster centres. We see that our embedding CNN approach more
consistently represents the true player densities than the pure-colour histogram or bag of colours
approaches.

For quantitative evaluation, we scale the maps to integrate into one and then compute
the KL-divergence between estimated and ground truth densities over our test set (Table 2.2).
While the bag-of-colours algorithm outperforms a simple colour histogram, our embedding CNN

approach substantially outperforms both pure-colour methods.

2.4.7 Runtime

Our experiments are conducted on a 3.6GHz Intel Core i9 CPU x 16 with 64 GB RAM and an
Nvidia GeForce RTX 2080 GPU. Our method runs in real-time on segmented player images.
It takes 21 milliseconds to learn team appearances for the game from a single frame and 11
milliseconds per frame for inference on subsequent frames. For convenience, we employed the

widely available but non-real-time Mask R-CNN network [38] for player detection and segmen-
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Method Mean KL-divergence
Colour histogram 0.072
Bag-of-colours 0.069
Embedding CNN (Ours) 0.047

Table 2.2: KL-divergence of automatically-generated player positioning heatmaps from ground

truth.

tation, which runs at roughly 5fps. If replaced with a real-time segmentation network, such as
Yolact [15], our whole system will run in real-time. We leave this for future work.
Training of the embedding network takes 10-20 mins including nding pseudo labels for input

images.

2.5 Conclusions

Our results demonstrate that a learned representation that can incorporate both colour and
spatial features can produce superior results for team classi cation than a pure-colour approach.
We also demonstrate that such a representation can be learned in an unsupervised fashion, using
contrastive learning with a triplet loss. A major bene t is that unsupervised pre-learning of the
representation allows for ultra-rapid learning of cluster centres from novel games, which limits the
burn-in period, allowing online inference. We also show how this approach to team classi cation
can be used to produce accurate team-conditional player positioning maps that can be useful

for coaching and game analysis.
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Chapter 3

Jersey Number Recognition

3.1 Introduction

Jersey number recognition is a critical task in sports video understanding and automated game
analysis. One of the reasons it is so important is that sports video understanding depends
fundamentally upon long-term tracking (over many minutes, i.e., many thousands of frames)
of individual players. Since players on the same team are dressed to look almost identical, the
jersey number is a very precious feature that can serve to disambiguate tracks, especially across
frames in which players become tightly clustered, as is common in many team sports.

While important, jersey number recognition can be a very challenging task, as the jersey
number is typically only clearly visible on a minority of frames, and motion blur, body pose
variations, projective distortions, occlusions, and folds in the jersey material cause complex dis-
tortions all conspire to make reliable recognition di cult. Previous methods have approached the
problem as a ground-up classi cation task, in which a network is trained from scratch on a large
labelled dataset of detected players. A problem with this approach is that training the network
from scratch requires a large labelled training dataset; Thus far, these have been proprietary
and not released publicly. Here we study whether the problem can be made more accessible by
making use of Scene Text Recognition (STR) systems, pre-trained on more general large-scale
synthetic and text-in-the-wild datasets. We assess performance when using these systems out
of the box and also when rst ne-tuning on a modest jersey number dataset. We also assess
how well such a system can generalize across sports, and very di erent camera geometries, with

or without additional ne-tuning, and how best to aggregate image-level recognition to label
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tracklets comprised of many frames.

To facilitate the research in the area we introduce a novel hockey jersey number dataset.
It consists of hockey player images collected from university-level hockey games recorded from
a stationary camera (setup explained in Section 2.3.2) as well as hockey player images from
the McGill NHL public tracking dataset[2, 100]. The dataset has been manually annotated
with the correct jersey number if it is legible by human eyes and a ag to indicate it is illegible
otherwise. To our knowledge, this is the rstimage-level public dataset for hockey jersey number
recognition.

In summary, our main contributions are:
" A novel image-level dataset for hockey jersey number recognition.

" A high-performance pipeline for detection, localization and frame-level recognition of jersey

numbers.

" An analysis of how well this pipeline can generalize across sports, camera geometries and

frame- vs tracklet-level jersey number recognition, with and without ne-tuning.

3.2 Related Work

The problem of jersey number recognition has been posed as image-level recognition [59, 88, 13,
58, 56] as well as tracklet-level recognition [90, 89, 20, 8]. Some methods detect and localize the
jersey number region and then classify the numbers [59, 58, 56], while others assume that the
image region containing the jersey number has already been cropped [88, 13, 32].

Progress on this problem has been slowed by the lack of public datasets that can be used to
compare methods. This is now starting to be addressed with the 2023 release of the SoccerNet

Jersey Number dataset [23, 4], although there are as yet no public datasets for other sports.

3.2.1 Image-level Jersey Number Recognition

Gerke et al. [32] and Li et al. [56] were among the rst to apply CNN-based classi cation ap-
proaches to image-level jersey number recognition, and CNNs have been the dominant approach
since this time. Liu et al. [58, 59] demonstrated the utility of body pose detection to improve

classi cation with Faster R-CNN [75] and Mask R-CNN [38] architectures, respectively.
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Vats et al. [88] demonstrated that multi-task training of a network on both holistic and
digit-wise number classi cation results in better performance than a network trained on either
task alone. They made use of a large, labelled dataset but unfortunately, it has not been made
public. Also, despite its size, the training dataset does not include all possible jersey numbers
and the system cannot generalize to other numbers. Bhargavi et al. [13] employed a similar
approach but pre-trained using synthetic data and then ne-tuned on a small, labelled dataset

of real images.

3.2.2 Tracklet-level Jersey Number Recognition

The visibility of a player's jersey number in video frames is often compromised due to motion blur
and the player's position relative to the camera. In many instances, a player can be obscured
by others, leading to multiple jersey numbers appearing in the same image. Identifying and
pinpointing the jersey number of interest within a player's sequence of frames is a key step for
recognizing jersey numbers at the tracklet level. Vats et al. [88] approach this by rst classifying
frames in each player's tracklet as legible or illegible. They then use only legible images to classify
the number. On the other hand, Balaji et al. [8] propose a keyframe identi cation module that
detects jersey numbers and lIters out outliers (number detections that don't belong to the player
in question or are too blurry for the recognition task). They use a jersey number detector and
histogram-based features to detect and localize jersey numbers. However, the speci cs regarding
any additional data or annotations used to ne-tune their detector remain unclear. In our work,
we take a similar approach to identify relevant images rst. Instead of relying on hand-crafted
histogram-based features, our method utilizes features derived from a person re-identi cation
network to Iter out distractions, such as other players blocking the main subject. Similarly to
[88], we then apply a classi er to determine if the image contains legible numbers. Our approach
is simple and shows superior performance on a challenging SoccerNet dataset.

For jersey number recognition at the tracklet level, there is an opportunity to integrate
information across frames for better reliability. Chan et al. [20] and Balaji et al. [8] employed
an LSTM while Vat et al. [90] used a temporal convolutional network to aggregate information
over time. Vats et al. [89] have also explored the use of transformers for tracklet-level jersey
number recognition within the multi-task approach introduced in [88]. They also make use of

prior knowledge about the roster of players on the ice.
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These prior approaches all treat jersey number recognition as a specialized classi cation
problem requiring the design and training of a dedicated classi cation network. In contrast,
we propose to explore a system based upon a more generally trained scene text recognition
(STR) model, which will allow our approach to take advantage of progressive improvements in
STR technology, adapt to di erent scenarios with little or no ne-tuning, and handle all possible
jersey numbers, instead of being restricted to numbers that happen to be in the training dataset.
As in [58, 59], we take advantage of body pose detection to localize the jersey number. As in [88]
we use a weak-labelling strategy to generalize from image-level to tracklet-level annotation. But
in contrast to prior tracklet-level approaches [20, 88, 90] we explore much simpler methods for

integrating information across frames, demonstrating competitive results.

3.2.3 Scene Text Recognition

Scene Text Recognition (STR) is the task of recognizing text that occurs in the built environment
(e.g., addresses, retail signs. tra c signs, license plates etc.). Several large datasets containing
both synthetic and real data have been made available to train STR models. The current
state-of-the-art model PARSeq [9] uses an encoder and decoder architecture in addition to a
learned language model. It shows high performance on several challenging real-world datasets
that include character occlusions, diverse orientations and varied illumination. Due to the lack
of image-level jersey number datasets, STR has not previously been trained or evaluated on the
jersey number recognition task. Here we explore how PARSeq can be integrated into a pipeline

for jersey number recognition with and without ne-tuning.

3.3 Method

Figure 3.1: Pipeline of image-level jersey humber detection and recognition.
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3.3.1 Overview

To solve the jersey number recognition problem at the image level we introduce a simple yet
very e ective pipeline that detects, localizes and recognizes a jersey number of a player. We then
extend this pipeline to tracklet-level jersey number recognition by addressing challenges speci c
to that task: Itering out distractors and combining image predictions into a single tracklet-level

prediction. We describe all these components in detail in subsequent sections.

Image-level Task

Figure 3.1 shows an overview of our image-level jersey number recognition pipeline. In typical
sports video, a jersey number is visible in only a minority of images. Thus, the rst step in
jersey number recognition is to identify in which frames the number is visible and legible. To
perform this rst task, we employ a binary CNN classi er based on an ImageNet[79] pre-trained
ResNet34[39] model, ne-tuned on our new hockey dataset in which each player crop has been
labelled as legible or illegible. To estimate a bounding box around the jersey number we employ
a body pose detector and use the estimated pose keypoints to crop out the player's torso region.
To classify a jersey number within this bounding box we employ the state-of-the-art STR system

PARSeq [9] ne-tuned on a small number of hockey jersey number images.

Tracklet-level Task

To extend the above pipeline to the tracklet level (Fig. 3.6), we rst use main subject Itering
methods to identify frames that contain unoccluded players of interest. As in the image pipeline,
we then employ our legibility classi er, followed by pose estimation to detect and localize jersey
numbers. Finally, we use STR to recognize jersey numbers on each legible and unoccluded frame

before aggregating image-level results over the entire tracklet.

3.3.2 Datasets

To explore generalization across di erent sports, camera geometries, and image- vs tracklet-level
classi cation, we employ two datasets: Our own novel image-level hockey dataset (to be made
public) and the recently-released tracklet-level SoccerNet soccer dataset [23]. For both datasets,
reliable jersey number recognition is challenging due to diversity in illumination, occlusions,

motion blur, pose variations and material deformations.
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Hockey

To address the lack of publicly available image-level jersey number datasets, we introduce a new

hockey jersey number dataset. We draw images from two sources:

~

University Hockey - player images from 9 di erent games recorded with a stationary cam-

era.

~

McGill Hockey Player Tracking Dataset [2, 100] - player images from 8 di erent NHL

games from broadcast videos.

Note, that the camera geometries are very di erent. While the University dataset is recorded
with a xed wide- eld camera covering the whole rink, the McGill dataset is broadcast video,
in which the camera zoom varies but is typically much more zoomed-in than for the university
dataset. For both datasets, there is a lot of motion blur and partial occlusion. The university
hockey images are especially challenging: A single camera device captures the whole rink and
there is no pan and zoom, so player images are typically of lower resolution and jersey numbers
are harder to decipher. To make a more diverse hockey dataset we combine images from both
the university and NHL into a single labelled image-level jersey number dataset. We will make
this dataset publicly available upon publication.

The hockey image-level dataset consists of cropped player images and has two types of
annotation: legibility and jersey number. Player images were labelled as legible if the annotator
could be certain of the jersey number. For jersey number recognition we used only a subset
of these legible images to avoid excessive duplication of the same number. These images are
labelled with a jersey number. We partitioned the data into training (10 games), validation (1
game) and test (6 games) - Table 3.1 details how this breaks down in terms of number of labelled
images. Sample images from the dataset are shown in Figure 3.2.

Figure 3.3 shows the distribution of jersey numbers for training and test. There are 54 unique
jersey numbers in the training set and 25 in the test set. Two numbers in the test set do not

appear in the training set.

Soccer

In early 2023, SoccerNet [23] released the Jersey Number Recognition dataset and challenge [4],

making it the rst large public jersey number recognition dataset. This dataset consists of a
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Figure 3.2: Sample images from Hockey and SoccerNet datasets.

Part Legibility Jersey Number
legible | total

Train 4,706 | 94,036 3,531

Validation 923 14,138 233

Test 2,158 | 24,809 486

Total 7,787 | 132,983 4,250

Table 3.1: Hockey Dataset: number of labelled images by partition and annotation type.

Figure 3.3: Hockey Dataset jersey number distribution.
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Train Test | Challenge| Total

Tracklets | 1,427 | 1,211 1,426 4,064
Images 733K | 564.5K 748.6K 2,046K

Table 3.2: SoccerNet Jersey Number Dataset.

Figure 3.4: SoccerNet Dataset jersey number distribution.

collection of player tracklets and contains tracklet-level annotation. The dataset is partitioned
into training, test and challenge, with a total of 4,064 tracklets. The average length of tracklets
is 482 frames. Table 3.2 contains dataset statistics and Figure 3.2 shows sample images. During
our experiments we discovered a aw in the annotations: It includes tracklets for a soccer ball
with the label of jersey number '1'. We added a component to our pipeline to identify soccer
ball detections based on the average dimensions of the soccer ball images in the training set.
There are 55 unique jersey numbers in the training and test partitions and the test set
contains 10 numbers that do not appear in the training partition. Figure 3.4 shows their

distribution.

3.3.3 Image-level Task
Detection and Localization

A jersey number is typically only visible and legible on a fraction of the frames. To Iter out

images with illegible numbers we train a binary classi er to identify player images as either
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Figure 3.5: Sample jersey number crops automatically extracted from player images.

legible (has a visible and decipherable jersey number) or illegible. Since jersey numbers are
located on the torso of the player, we utilize a pose estimator to extract the torso region.
This approach is simpler than training a dedicated jersey number detector because it does not
require time-consuming jersey number bounding box annotation. Instead, it relies on a simple
legible/illegible binary label and an o -the-shelf pose estimation network.

For our legibility classi er we employ a ResNet34 [39] model pre-trained on ImageNet [79]
and ne-tune it on our binary hockey legibility dataset. Our hockey legibility dataset is highly
imbalanced with only 5% of images labelled as legible. Although this re ects the true dis-
tribution, our experiments showed that using a balanced training dataset improved classi er
performance. Therefore, we train with a balanced subset consisting of all legible images and a
equal number of randomly selected illegible images. Test results are reported on the original
imbalanced test data.

We train our binary legibility classi er for 20 epochs with a starting learning rate of 0.001
and momentum of 0.9. To improve the generalizability of our classi er we use Sharpness-Aware
Minimization (SAM) [30] with SGD. We provide a careful ablation study of legibility model
choice, as well as model generalizability analysis in Section 3.4.

We localize jersey number on the player image by extracting body pose keypoints using o -
the-shelf body pose detector ViTPose[96] trained on MS COCOI[57]. We then crop a rectangle
de ned by shoulder and hip joints padded by 5 pixels on the left, right, and bottom. A sample

of the resulting crops from our hockey dataset is shown in Figure 3.5.
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Recognition

Jersey number recognition is a speci c case of Scene Text Recognition (STR). Recent STR
models show very good performance recognizing text in the wild. We ne-tune leading STR
model PARSeq [9] to recognize jersey humbers. PARSeq is trained on a collection of synthetic
and real-world datasets including SynthText[34], COCO-Text[91], and TextOCR[81] (refer to [9]
for a full list of training datasets.) There are several advantages to relying on the existing STR
model for this task. It has been pre-trained on a vast number of images containing alphanumeric
strings. It performs reasonably well on jersey humber recognition tasks without any ne-tuning.
Performance is further improved by ne-tuning on relatively small amount of jersey number
data. Due to its token-processing nature, the model can predict jersey numbers that were not
present in the training set, making it better suited to real-world applications. We ne-tune
the model on legible jersey number crops from the hockey dataset for 25 epochs, limiting label
length to 2 and using default PARSeq training settings.

Our proposed pipeline is simple, yet it outperforms previous methods. In the future, it can

also bene t from advances in STR methods.

3.3.4 Tracklet-level Task

We adapt our image-level pipeline to the tracklet level by introducing two additional steps: main

subject Itering and jersey number prediction consolidation.

Figure 3.6: Pipeline of tracklet-level jersey number detection and recognition.
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Main Subject Filtering

The SoccerNet dataset contains tracklets where the main subject is often occluded by other
players. When the jersey number of the occluding player is visible it can a ect both legibility
and number predictions for the tracklet. This renders images where the main subject is occluded
or multiple players are visible problematic. We study whether Itering out frames in which the
main subject appears to be occluded can improve tracklet-level classi cation. To this end, we
employ the Centroid-RelD [93] network trained on the Market1501 dataset [105] to extract a
visual feature vector for each image in a tracklet. We t an isotropic Gaussian to these vectors,
and then exclude as outliers any images for which the feature vector lies more than N standard
deviations from the mean. This process is repeated K times. In our experiments, this method
leads to better overall results. Parameters for N and K were determined by grid search and
cross-validation on a held out 30% subset of the training set tracklets. We found the optimal
parameters to be K = 3, N = 3:5. Note, that the method is unsupervised; there are no
labels for the main subject in the tracklet. We evaluate its performance based on its impact
on the tracklet-level recognition task. Experiments show that this method leads to a boost in

performance on the SoccerNet dataset (Section 3.4).

Detection and Localization

Extending our legibility classi er to the tracklet-level SoccerNet jersey recognition task is com-
plicated by the lack of frame-by-frame labels. To overcome this barrier, we derive weak pseudo-
labels from the tracklet-level annotations. We derive a set of positive (legible) pseudo-label
instances by running our hockey-trained legibility classi er on the images within legible track-
lets (tracklets with jersey number labels) and extracting instances deemed legible. Negatives
are drawn from random images from illegible tracklets. We train the legibility classi er network
using these pseudo-labels. At inference, a tracklet is deemed legible if it contains one or more

images classi ed as legible.

Recognition

To ne-tune STR for the tracklet-level SoccerNet dataset we construct a weakly-labelled text

recognition dataset based on tracklet-level data. In particular, we run our legibility classi er on
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Ground Truth
2 digit | 1 digit
2 digit | 40% | 7%
1 digit | 48% 5%

Prediction

Table 3.3: Confusion matrix of STR predictions with regard to one- or two-digit jersey numbers.

all images in legible tracklets (tracklets with a jersey number label) and use these as pseudo-
ground truth for ne-tuning.
At inference, we run the ne-tuned STR model on all images deemed legible in the tracklet.

The result is a series of predicted jersey number labels: one for each legible image in the tracklet.

Prediction Consolidation

We propose a con dence-weighted majority vote approach to prediction consolidation. An im-

portant consideration when approaching this problem is the potential confusion between one-
and two-digit jersey numbers. Two-digit jersey numbers are roughly twice as frequent as one-
digit numbers in the SoccerNet dataset. Due to occlusions and variations in player pose, only
one digit may be visible even when the jersey number consists of two digits (Figure 3.7). As
a result, STR confusion regarding the number of digits in the jersey number is overwhelmingly

due to mistaking a 2-digit number for a 1-digit number (Table 3.3).

Figure 3.7: Example of images where only one digit out of the two is visible. First row: true

label 44, predicted 4. Second row: true label 34, predicted 3.
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Method Dataset Size| Accuracy
Li et al. [56] 12,746 86:7%
Liu et al. [58] 3,567 90:4%
Vats et al. [88] 54,251 89:6%
Bhargavi et al. [13] 3,000 89:3%
Ours 4,250 91:4%

Table 3.4: Previously reported results on image-level jersey number recognition task.

Model Accuracy
Holistic Classi er (ResNet34) 48.1%
Multi-Task Classi er (ResNet34) [88] 65:2%
PARSeq (out-of-the-box) [9] 85:4%
Ours: PARSeq ( ne-tuned on hockey) | 91:4%

Table 3.5: Performance of jersey nhumber recognition models on our hockey dataset.

We compute the tracklet-level prediction using a con dence-weighted majority vote of legi-
ble images. If the sum of con dences over frames is below a threshold, the tracklet is marked
illegible. When some of the images in the tracklet are predicted to have two digits and others to
have a single digit, we down-weight votes for one-digit numbers. Both of these measures provide

a small boost to overall performance.

3.4 Results and Analysis

3.4.1 Image-Level Task

Our ResNet34[39] legibility classi er performs at 94.5% accuracy with F1-score of 71.7% on our
hockey test set. We also evaluated a ne-tuned visual transformer model [27] (See Table 3.7)
but found that, while it performs better when tested on the same dataset it was trained on,

ResNet34[39] shows better results in generalizing to the new domain.
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Test: Hockey

Test: Soccer

Original 85:40%
Fine-tune: Hockey 91:40%
Fine-tune: Soccer 65:84%

80:51%
83:90%
87.45%

Table 3.6: Generalizability of the PARSeq STR model on hockey and soccer datasets with and

without ne-tuning.

Model Hockey! Hockey | Hockey! Soccer| Soccer! Soccer| Soccer! Hockey
F1 Acc F1 Acc F1 Acc F1
ResNet18 [39]| 94:8% 71.4% 90:58% | 930% | 91:71% | 94:15% | 91:9% 65:3%
ResNet34 [39]| 94:5% 717% 91:09% | 937% | 9171% | 9417% | 928% 63:2%
VIT [27] 94:8% 72:9% 86:9% 90:5% | 90:75% | 936% | 926% 58:3%

Table 3.7: Performance comparison of three deep architectures for our legibility classi er. We

examine how well di erent models generalize from T rainingDataset ) !

(TestingDataset) and

report both accuracy and F1 scores. Accuracy for Soccer is calculated at the tracklet level (a

tracklet is deemed legible if it contains one or more legible images).

Experiment Accuracy
Full 87:45%
No Bias 86:79%(# 0:66%)
No Bias, No Threshold 85:38%# 2:07%)
No Main Subject Filtering | 84:56%# 2:89%)

Table 3.8: Ablation analysis of our soccer pipeline. We consider consolidation method with

or without biasing toward two-digit jersey numbers. We also evaluate the e ect of placing a

threshold on the sum of con dences. The nal row shows the performance with no main subject

Itering. The results are on the SoccerNet test set.
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Method Test Acc | Challenge Acc
Gerke et al [32]| 32.57% 35.79%
Vats et al [88] | 46.73% 49.88%
Li et al [56] 47.85% 50.60%
Vats et al [89] 52.91% 58.45%
Balaji et al [8] 68.53% 73.77%
Ours 87.45% 79.31%

Table 3.9: Tracklet-level jersey number recognition performance on the SoccerNet Test and

Challenge patrtitions. Results for other methods are cited from [8].

We evaluate jersey number recognition on image-level annotations for our hockey dataset
considering only legible images and achieve an accuracy of 91.4%. Table 3.4 shows a comparison
with methods previously reported in the literature. As a baseline, we evaluated both a ResNet34-
based classi er trained on our data to predict a label 1-99, as well as the multi-task system
described in [88] that uses a holistic classi er and digit-wise classi er heads. As with the results
reported in [88], this multi-task training yields better results, but due to our small training set
we see much lower performance than Vats et al. [88] reported. Without any ne-tuning PARSeq
[9] trained on multiple synthetic and real scene text datasets achieves an accuracy of 85.4% on
our hockey image-level dataset. The performance further improves with ne-tuning illustrating

that the use of STR in the jersey number recognition pipeline is an appropriate choice.

3.4.2 Tracklet-Level Task

To evaluate recognition on the tracklet-level SoccerNet dataset we use the evaluation protocol
followed in the SoccerNet Jersey Number Recognition Challenge. We evaluate the accuracy
of tracklet-level labelling in which each tracklet may be comprised of both legible and illegible
frames. Using the full pipeline with a legibility classier and ne-tuned PARSeq model we
achieve an accuracy of 87.45% on the SoccerNet test set and 79.31% on the challenge set.
Table 3.9 shows the results of our method compared to previously reported on this dataset.

In Table 3.8 we present the results of several ablations. In particular, we demonstrate the

e ect of main subject Itering as well as di erent options for prediction consolidation. Our best
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results are achieved using main subject ltering, as well as thresholding and 2-digit bias for

prediction consolidation.

3.4.3 Implementation

The pipeline is implemented with PyTorch. The code and data are available athttps://gith

ub.com/mkoshkina/jersey-number-pipeline

3.5 Conclusion

We have introduced a robust pipeline designed for jersey number recognition at both image and
tracklet levels. Our system outperforms previously reported results while requiring minimum
ne-tuning. It generalizes exceptionally well to new jersey numbers as well as from one sport to
another.

Furthermore, in an e ort to foster continued research and development in this domain, we
have introduced the novel publicly available dataset for image-level recognition of hockey jersey

numbers.
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Chapter 4

Player Tracking

4.1 Introduction

Player tracking is an essential task for game analysis. It involves detecting and following players
for a period of time during a game. Player tracking is a speci c case of a well-studied topic in
computer vision - Multi-Object Tracking (MOT). Typically, MOT is studied in the context of
pedestrian tracking (for example, for surveillance purposes) and vehicle tracking (for self-driving
cars, and tra c analysis applications). The MOT task aims to track objects in a video sequence.
Typically, the appearance or the number of objects is not known ahead of time. The output of
an MOT algorithm is a set of lists of bounding box coordinates for each object and frame in
which the object appears. Each such bounding box entry has an associated track ID for each
unique object being tracked.

MOT is a challenging task because an object's appearance might vary depending on its
position relative to the camera, objects might occlude one another or exit and then re-enter the
eld of view, objects can have a similar appearance, an object's motion can be unpredictable,
etc.

Tracking players during a team sports event shares the same problem setup and challenges as
tracking pedestrians. Generic MOT tracking algorithms can be applied to tracking players and
will produce reasonable results. However, there are a number of important di erences between

generic MOT and team sport MOT:

~

In sports, the objects to be tracked (the players) are typically xed in number and remain

the same over long periods. In contrast, in pedestrian and tra ¢ scenarios a much larger
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number of di erent objects will typically traverse the eld of view, but each for much

shorter periods.

Pedestrian tracking focuses on short-term tracking, while player tracking in sports involves
longer-term tracking, including recovery from long occlusions or departures from the eld

of view.

Players on the same team often look similar, especially in winter sports like hockey, where
gear obscures distinctive features, making traditional re-identi cation methods less e ec-

tive.

" Players can be uniquely identi ed by their team id and jersey numbers.

Some of these di erences make player tracking easier than general MOT and some more chal-
lenging.

In our work, we explore using domain knowledge to address the challenges of player tracking.
In particular, we recognize that team a liation and jersey number uniquely identify a player.
Establishing both attributes for the player will enable us to track them for long periods. In
our work, we follow the unied, hierarchical approach proposed by Cetintas et al.[19] that
integrates short-term and long-term tracking, and innovate by incorporating domain-speci c

features speci ¢ to sports, including jersey number, team ID, and eld position.

4.2 OQOverview

The MOT task has its roots in short-term single-object tracking. Earlier approaches include
methods that identify and match keypoints between frames [83] such as the Kanade{Lucas{Tomasi
feature tracker [86], contour tracking methods[84], template matching methods[17] and correla-
tion Iter approaches [41]. The advances in tracking-related research have been facilitated by
the introduction of the annual VOT challenge [5] in 2013, and the MOT challenge in 2015 [3].

In recent years, due to the success of convolutional neural networks on object detection and
classi cation, the prevailing approach for the MOT task is tracking by detection Tracking by
detection involves using an object detector to nd all objects at each frame and then using a
data association approach to determine which detection belongs to which track (See Figure 4.1).

Since the object can be occluded or detections can be missed, it is common to also keep track of
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Figure 4.1: Tracking by detection paradigm. [Image from [54]]

“lost' tracks and to employ re-identi cation to match them to any new detections. The approach
relies heavily on the detector and su ers whenever detections are poor. Data association poses
many challenges as well due to the unknown number of targets, objects changing appearance,

occlusions, similar object appearance, etc.

4.2.1 Problem Formulation

The problem of MOT tracking can be formulated as a multi-variable estimation problem. Given

a sequence ofN frames, we denotex‘k to be a detection of the objectk in frame i. Let

X = fog be a set of all detections. A single trajectory hypothesis is an ordered list of detec-
tions tx = fx&;xﬁ; :::;XE 0, where some detections could be missing. An association hypothesis
T = ftxg is a set of single trajectory hypotheses that attempts to account for all tracks. The
objective of multiple object tracking is to nd the optimal trajectories of all the objects, which
can be modelled by performing MAP (Maximum a posteriori) estimation from the conditional

distribution of trajectories given all the detections:

T =argmax P(TjX) (4.2)
T

4.2.2 Online vs O ine Tracking

MOT methods can be categorized as online and oine [64]. In online tracking, also known
as causal tracking, the frames are processed sequentially and trajectories are computed up to

the current frame. In oine tracking, both past and future frames are used to calculate the
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optimal trajectories. Figure 4.2 illustrates the two approaches. Online tracking is suitable for
applications that require real-time results. Due to its nature, online tracking cannot correct
mistakes in past tracking results as new information becomes available. O ine (or non-causal)
tracking bene ts from processing the whole sequence which allows for methods to arrive at a
globally optimal solution. O ine tracking is not suitable for real-time applications and may
require signi cant computational resources.

In this proposal, we consider both online and o ine methods.

Figure 4.2: Online vs o ine approach. Online methods take previous results and the current
frame to produce tracks as they go. O ine methods consider all frames to produce the nal

tracking result.

4.2.3 Metrics and Evaluation Methodology

One of the driving forces of recent developments in object tracking is the existence of large MOT
datasets such as MOT Benchmark[3] and PathTrack[68]. MOT Benchmark [55, 72] provides a
dataset, evaluation framework and an annual challenge. Over the years, there have been many
di erent metrics proposed to measure, analyze and compare the performance of di erent trackers.
The current standard for MOT evaluation is comprised of two main sets of metrics: CLEAR
(arising from the CLassi cation of Events, Activities and Relationships workshop) [82] and
HOTA (Higher-Order Tracking Accuracy)[63]. In addition, track quality measures introduced
in [94] and ID scores[76] are usually included in the evaluation.

Ground truth annotation for MOT tasks consists of a number of tracks. Each track is

comprised of a sequence of bounding box coordinates indicating the location of the tracked object
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in each frame. Before computing any metrics, matching between the hypothesis and ground truth
tracks needs to be established. The current standard is based on a method proposed and detailed
in CLEAR [82]. It involves matching based on proximity or more precisely Intersection-over-
Union (loU) of bounding boxes. An loU threshold is typically set to 0.5 or 50%. Matching of
hypothesis to ground truth needs to satisfy the constraint that one object cannot be accounted
for by more than one hypothesis, and that one hypothesis cannot account for more than one
object. The optimal matching is found using the Hungarian algorithm [53]. However, if a
ground truth object is matched to the hypothesis at time t 1 and the loU between them

in frame t is above the threshold, then the correspondence carries over to franteeven if there
exists another hypothesis that is closer to the actual target. In other words, matching is not done
independently for each frame but promotes the continuity of tracks. The ground truth bounding
boxes that cannot be associated with a hypothesis are counted as false negatives (FN), and the
hypotheses that cannot be associated with a real bounding box are marked as false positives
(FP). Every time a ground truth object tracking is interrupted and later resumed, it is counted

as a fragmentation. Note that fragmentation is only counted if a ground truth box exists. Every
time a tracked ground truth object ID is changed during the tracking duration, it is counted as

an ID switch.

CLEAR Metrics

The most widely used metric to measure tracking performance is MOTA (Multi-Object Tracking

Accuracy), which combines three sources of error to measure accuracy:

A~

FP - the number of false positives

FN - the number of false negatives (missed detections)

" IDSW - the number of ID switches

(FP + FN + IDSW )

MOTA =1
GT

2(1 ;1) (4.2)

where GT is the number of ground truth bounding boxes. MOTA is usually reported in %.
Detection Accuracy (DetA) is often reported as well. For two tracking algorithms executed

on the same set of detections, detection accuracy can still di er, since it is based on the detections
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that are included in the predicted tracks:

(FP + FN)

DetA =1
GT

(4.3)

Another commonly reported metric MOTP (Multi-Object Tracking Precision) measures lo-
calization precision. It is the average dissimilarity between all true positives and their corre-
sponding ground truth targets. More precisely, it is an average overlap between all correctly

matched hypotheses and their respective objects and ranges between 50% and100%.

P
& O
MOTP:;Eﬂgi (4.4)
t“
whered; is loU between the hypothesisi in frame t with its ground truth match, and ¢ is the

number of matches in framet.

Track Quality

Another commonly reported set of metrics is track quality metrics. These ignore both the
precision of detections and ID switches and instead measure how much of the track has been

covered (possibly by multiple fragments).

~

MT - Mostly Tracked. The number of ground truths tracks that have matching predicted

tracks for at least 80% of the frames.

ML - Mostly Lost. The number of ground truths tracks that are tracked for less than 20%

of the frames.

PT - Partially Tracked. The number of ground truths tracks that are tracked for more

than 20% and less than 80% of the frames.

FM { Fragmentations. The number of times ground truth object tracking is interrupted

and later resumed.

ID scores

In some tracking applications, such as surveillance and sport, it is important to be able to

maintain the correct identity of the track for longer periods through occlusions and missed
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detections. MOTA tends to measure detection accuracy more than association accuracy. For
that reason, the MOT Challenge has adopted another metric to better measure association
accuracy. ID Precision, Recall and F1 score were rst proposed in [76] in order to measure multi-
camera tracking accuracy better. They were then adapted to single-camera tracking as well.
Calculation of ID scores involves a di erent approach to matching proposed and ground truths
detections. Instead of matching on the frame level as done in MOTA calculations, [76] performs
matching on the trajectory level. This de nes new types of detection matches. IDTPs (identity
true positives) are matches on the overlapping part of trajectories that are matched together.
IDFNs (identity false negatives) and IDFPs (identity false positives) are the remaining ground
truth detections and predicted detections, respectively, from both non-overlapping sections of
matched trajectories and from the remaining trajectories that are not matched. Based on these,

ID scores are calculated as follows:

IDP - Identi cation Precision:

IDTP

'DP = DTP + IDFP (4.5)
" IDR - Identi cation Recall:
IDTP
IDR = 4.6
IDTP + IDFN (4.6)
~ IDF1 - Identi cation F1 Score:
2 2IDTP
IDF 1= = 4.7
1 4 1 2IDTP + IDFP + IDFN (“.7)

IDP IDR

The Hungarian algorithm is used to select which trajectories to match so that the sum of
the number of IDFPs and IDFNs is minimized. Proposals are generated by identifying matches

with loU values greater than the speci ed threshold between detection and ground truth boxes.

HOTA Metrics

HOTA (Higher-Order Tracking Accuracy) is the most recently introduced MOT metric. It
was proposed only in 2021 [63] and was quickly adopted as a new standard metric by the
MOT Challenge. The argument for introducing yet another metric is to provide a single metric

that balances detection measurement and association accuracy. MOTA performs matching on
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the local detection level and is biased towards measuring detection accuracy. The IDF1 score
does trajectory matching and is biased towards measuring association. HOTA is introduced as
a middle ground between them. [63] introduces a new measure called association accuracy or
AssA. We formally de ne it by Equation 4.11, but intuitively it is the average alignment between
matched trajectories. The HOTA metric is the geometric mean of detection and association
accuracies averaged over di erent localization thresholds. Figure 4.3 illustrates the di erences
between the main MOT metrics in terms of detection vs association bias and demonstrates how

metric HOTA balances the two.

Figure 4.3: Comparison of main MOT metrics in terms of detection vs association measurement
[Image from [63]]. Three di erent trackers are shown in order of increasing detection accuracy
and decreasing association accuracy. While MOTA and IDF1 tend to focus on accurate detection
and association, respectively, HOTA provides a balanced perspective. HOTA achieves this by

explicitly combining a detection score (DetA) and an association score (AssA).

The matching of detections to ground truth is conducted on a frame-by-frame basis as in
MOTA with one di erence: matching is done to maximize the HOTA metric. [63] also introduces
the concepts of True Positive Association (TPA), False Negative Association (FNA), and False
Positive Associations (FPA) that are de ned for each true positive (TP) match. Matching occurs
at a detection level. As in MOTA, a true positive (TP) match is a pair consisting of a ground
truth detection (gtDet) and a predicted detection (prDet), for which the loU is greater than or
equal to a set threshold. A false negative (FN) is a gtDet that does not have any prDet. A false

positive (FP) is a prDet that is not matched to any gtDet. For a given ground truth object c,

45






