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Abstract

Multi-object tracking (MOT) in ice hockey pursues the combined task of detecting and
associating players across a given sequence to maintain their identities. Tracking play-
ers in sports using monocular broadcast videos is an important computer vision problem
that enables several downstream analytics and enhances viewership experience. However,
existing tracking approaches encounter significant challenges in dealing with occlusions,
blurs, camera pan-tilt-zoom effects, and dynamic player movements prevalent in telecast
feeds. These challenges are further exacerbated in fast-paced sports such as ice hockey,
where existing trackers struggle to maintain identity consistency due to players’ sudden,
non-linear motion patterns.

In this thesis, acknowledging the fundamental role of quality datasets, we first present
two hockey tracking datasets: our previously developed hockey tracking dataset - 1 (HTD-1)
and a newly curated, open-source dataset called hockey tracking dataset - 2 (HTD-2), anno-
tated from broadcast National Hockey League (NHL) games. Based on this new dataset, we
establish a reference benchmark by evaluating six state-of-the-art (SOTA) tracking meth-
ods to enable performance comparisons in hockey MOT. A detailed study is conducted for
each algorithm to understand their merits and drawbacks on tracking players.

Next, to address the present limitations, we propose a novel tracking model formulating
MOT as a bipartite graph matching problem cued with homography inputs. Specifically, we
disambiguate the positional representation of occluded players as viewed through broadcast
footage, by warping them onto a view-invariant overhead rink template and encode their
transformations into the graph message passing network. This ensures reliable spatial
context for identity-preserved track prediction.

Experimental results demonstrate that our model achieves a 10 times reduction in
identity switch score (IDsw) and a 32.45% improvement in identify F1 score (IDF1) score
compared to the existing baseline on HTD-1, establishing a new SOTA. The proposed
model also exhibits strong generalization capabilities, achieving 92.8% IDF1 and only 60
IDsw during cross-validation on HTD-2. Finally, ablation studies are presented to validate
our performance and substantiate our approach. s
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Chapter 1

Introduction

Consider this scenario — you are given the responsibility to manage your favorite ice hockey
team from the NHL for the 2024-2025 season. This role is a major responsibility with high
stakes — 5.5 million viewers [80], $100 million in operation costs [37], and multiple other
actors are directly or indirectly affected by your decisions. To begin with, there are a set
of questions that naturally arise: “How has the team performed in the last few seasons?”,
“Who are the strongest and weakest players?”, “Are we built around offense, defense,
speed, physicality, or a mix of these elements?”, etc. Next, there are specific questions
to answer, such as “What is the contribution of player X?”, “How long can each player
effectively stay on the ice before their performance begins to drop?”, “Do we need fresh
legs for a final push or to hold off a late-game surge from the opponent?” and likewise.
Finding the correct answers is paramount to your team’s success.

The best possible strategy here is to thoroughly analyze past patterns (data analysis)
to make informed decisions. This is formally known as sports analytics. In the context of
ice hockey, analytics helps optimize player performance, refine team strategies, and make
informed choices in scouting and recruitment. By following a data-driven approach, it
helps go beyond what is possible through traditional observation, enhancing game tactics,
injury prevention, event fan engagement, and business operations to answer the most
pressing questions. In recent times, ice hockey has hugely benefited from a wave of new
technology [38], including virtual reality (VR) to train players (mainly, injury prevention,
and player safety), advanced statistics to enhance viewership engagement, and sensor-
embedded equipments for monitoring game play. Furthermore, the advancing capabilities
of artificial intelligence (AI) and machine learning (ML) holds immense potential [39] to
revolutionize the entire game experience.



In this direction, a crucial aspect of modern hockey analytics is the continuous track-
ing of players on the ice, as accurately identifying player locations during each moment
of the game is a fundamental requirement for several downstream tasks, such as players’
performance analysis, action recognition, injury prevention, tactical analysis, and shift de-
tection'. A significant milestone in tracking came with the NHL’s introduction of player
and puck tracking technologies during the 2021-2022 season, with infrared radiation (IR)
emitters embedded in puck and player jerseys, and 18-20 IR detectors around the rink [90].
However, there exists important limitations in this approach such as: (i) high installation
and maintenance costs, (ii) player resistance to wearing equipment that tracks them con-
tinuously, and (iii) inability of this technology to model advanced tasks like player action
interpretation.

1.1 Motivation

Given these present setbacks, we ask: Can we utilize readily available broadcast hockey
videos to overcome the present limitations with sensor-based tracking? Before answering
this question, it is first necessary to understand why this question is being raised.

After each game, NHL teams conduct post-match analysis, assessing their strengths and
weaknesses to gain tactical and strategic insights. At present, significant time and effort
is required to scrutinize all three periods of play time (60 minutes total) for each game
to generate meaningful information. This is an extremely cumbersome task, especially
considering the limited window within consecutive games during an ongoing season. In
addition, human analysis has certain inherent caveats including subjectivity and bias,
incorrect interpretations (accidental), varying attention span, and other unforeseen errors.
But, there exists significant potential for automation in this area, with the fundamental
first step being the ability to track all players on the ice at each instant, formally known
as multi-object tracking (MOT). This is, therefore, the core focus of this work.

Currently, the sensor-based tracking technology used by NHL incurs significant setup
and maintenance costs [91], along with other operational overheads. The raw positional
data from these sensors should be manually post-processed to derive actionable insights,
requiring large computational infrastructure [92]. This deepens the divide between NHL
and other junior hockey leagues, which are unable to afford such expensive technologies
for performance insights. In the long run, this disparity is problematic, as players advanc-

'Here, shift detection refers to the rapid and spontaneous substitution of multiple players during game-
play, commonly seen in ice hockey games.



ing from junior leagues do so without comprehensive performance insights during their
developmental phases.

Therefore, developing an automated, cost-effective solution to consistently track players
is an important research objective to pursue. A computer vision-based MOT framework
for ice hockey using standard broadcast videos could enable several downstream tasks in-
cluding data-driven performance analysis and strategic decision-making, while significantly
reducing the manual effort required for player tracking and game analysis. The objective
of this thesis thus, is to develop a comprehensive pipeline for tracking ice hockey players
from broadcast video feeds.

1.2 Challenges

While the potential benefits of automated player tracking are significant, there exists sev-
eral technical challenges that arise from both the dynamic nature of the sport and limita-
tions of monocular broadcast videos. These include:

1. Occlusion: A characteristic feature of hockey is the presence of multiple players in
close proximity, competing for possession of the puck. From a monocular broadcast
point-of-view (PoV), players are often visually obstructed either by other players or
dasher boards on the rink. These occlusions significantly impact the reliability of
computer vision algorithms in accurate player localization and maintaining player
identities.

2. Dynamic player movements: The highly dynamic nature of ice hockey sets it
apart from other team sports like soccer, basketball, and volleyball, where player
positions tend to be more structured. Players exhibit rapid, spontaneous move-
ments across the rink, making conventional motion tracking assumptions insufficient.
Therefore, ice hockey necessitates tracking algorithms to model complex motion pat-
terns.

3. Camera motion and resolution: Broadcast cameras are subjected to pan-tilt-
zoom effects to capture the gameplay and present an interesting telecast for the
audience. This leads to rapid camera movements and sudden scene shifts when
switching between multiple angles, leading in blurs and inconsistent player coverage.
Further, the standard resolution of broadcast feeds (1280 720p) constrains the ability
to clearly identify and track individual players, particularly during fast-paced action



sequences where a higher frame resolution would provide fine-grained features for
player identification and tracking.

4. Lack of distinguishable features: Ice hockey players wear bulky protective equip-
ment (gloves, pads, guards, helmets) that covers most of their bodies. This poses
significant identification challenges, as the protective gear obscures distinguishing
physical characteristics, making players on the same team appear nearly identical
and limiting the visibility of traditional identifiers like jersey numbers.

5. Need for reproducible benchmarks: Benchmarks serve as a reference for fu-
ture research progress and advancing the SOTA. They enable fair comparison be-
tween different approaches, identify current limitations, and establish clear metrics
for measuring improvements in tracking performance. But, currently there exists no
reproducible benchmark with recent SOTA advancements evaluated on ice hockey.
Without such benchmarks, quantifying progress and validating new methodologies
becomes challenging.

1.3 Problem Formulation

In light of the aforementioned challenges, this thesis focuses on developing a robust method-
ology to consistently track players from broadcast video feeds while preserving their identi-
ties. Following current MO'T conventions, we treat each player as an object to be tracked.
The term players henceforth, also encompasses referees and goalies, as they actively in-
fluence the tracking of team members within the rink. To proceed further, we define the
following important terms:

1. Identity-preserved tracklets: A tracklet Tp is a temporal sequence of associations
belonging to player P with a unique identity throughout the tracklet’s duration.
However, when players cross paths or overlap (occlusions), their trajectories inter-
sect causing identity switches — errors where Tp incorrectly contains detections from
multiple players with different IDs (Fig. 6.1). Our goal is to minimize these identity
switches while tracking players, given that they remain detectable during occlusions.

2. Consistent tracking: In hockey MOT, we define consistent tracking as maintaining
a player’s identity throughout their tracklet predictions while they remain both de-
tectable and available within the broadcast camera’s field-of-view (FoV). If a player
becomes either undetectable or leaves the FoV, we end their current tracklet. When
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Figure 1.1: Example of an identity-preserved tracklet, 7y. Here, the track ID (eight) in
the top right corner is consistent for the entire tracklet and does not correspond to the

player jersey number. Frames shown are sampled at varying intervals to demonstrate the
tracklet’s progression.

they reappear, we create a new tracklet with a new ID rather than attempting to con-
nect the gaps (Fig. 1.2). This helps prevent misidentification errors that could arise
from trying to interpolate player positions or using longer temporal relationships,
since the duration of a player’s absence is non-deterministic.

Given the above definitions, consider a broadcast ice hockey sequence S; parsed into
frames, Sy = {f' | i = 1,2,...,n} where n = Ait denotes the total number of frames; ¢
denotes the total duration of the sequence (in seconds), and At represents the duration
per frame (in seconds). We define the following three modules which forms the basis of
our approach:

Definition 1.1 (Detection) For each frame f* assuming that there exists at least one
player {PJZ | 7 =1,2,...,m}, where m represents the number of players, the problem of
detection (localization) deals with finding P;zll;‘1 players across all n frames, deriving the
following information for each instance:

D= {fb,c} (1.1)

where f? represents frame number (ID), b;'- = {x,y,wd, ht} defines the bounding box co-
ordinates for the j player in the i** frame, and ¢ denotes the detection confidence score
(probability). When there are no players to localize on the ice (P; | j = 0), those frames
are skipped since D = {¢;} (empty-set).
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Figure 1.2: MOT for ice hockey. This example shows four player tracks (IDs: «, 3,6, ¢)
across frames f* to f3°, sampled every 10 frames. It demonstrates two key tracking
scenarios we handle: (i) Maintaining IDs for players o and € when their paths intersect
(fi20 to fi39) given that they are detectable and within the camera FoV, (ii) Handling
player 3’s disappearance (undetectable or out-of-FoV) at f“+1° by terminating their tracklet
and assigning a new ID () upon reappearance at f*™3° to avoid misidentification errors.

Definition 1.2 (Re-identification). Given the bounding box coordinates for player
P} in frame f*, b = {Zmin, Ymin, width, height}, where b5 € R*, Ly and ymin represent
the top-left corner of the bounding box, and width and height denote its horizontal and
vertical extents, respectively. These define the RGB input with fixed downsampling, Z. €
R256x128X3 "which is passed into the reID network for encoding player appearance features
into a 512-dimensional embedding for identity matching (association) with the closest

target in frame fi™!, based on a combination of cosine and L, distance metrics.

This is defined as:

Fi =relD(Z.) (1.2)

where 7} € R°'?. In monocular tracking, this association happens frame-by-frame for all
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players throughout the entire sequence. relD networks are typically convolutional neu-
ral networks (CNN) trained with cross-entropy [121], contrastive [31], or triplet [32] loss
functions. These networks are pivotal in discerning appearance features between different
players and helping with identity-preservation throughout a tracklet’s duration.

Definition 1.3 (Tracking). Given the player associations across a sequence of k frames,
where player tracklet Tp = {P, P?,...  P* | k < n} encompasses k detections of player
P, tracking involves the assignment of unique ID for the given tracklet such that, each
tracklet represents one unique player throughout its duration.

Tracking = {f*,t',b", c} (1.3)

» Vg

where t denotes the player ID (track ID) and ¢ denotes the detection confidence score. For
m n .

a sequence of n frames containing m players, the set of all tracklets 7 = (J (J{7;'}, where
j=li=1

each tracklet T; corresponds to exactly one unique player and spans at most n frames. This

formulation follows the definitions of consistent tracking and identity-preserved tracklets
(defined in 1.3).

Problem Statement. Consolidating the above three tasks of player detection (f?), relD
(F), and tracking (7), our core objective is to consistently track hockey players by mini-
mizing identity switches, particularly during occlusion events. The problem can be formally
expressed as finding the mapping:

M:S =T (1.4)

where the mapping M transforms the input sequence S; into a set of consistent player
tracklets 7, while maintaining temporal continuity and preserving tracklet idenitites across
the sequence duration.



1.4 Contributions

This thesis contributes the following to the objective of MOT in ice hockey:

1. A novel MOT approach formulated as a bipartite graph matching problem cues with
homography inputs. It utilizes graphical neural networks (GNN) to outperform all
existing approaches, especially in reducing IDsw (defined in Subsection 3.4) dur-
ing occlusions and blurs. Ablation studies are presented to substantiate its SOTA
performance (Section 6).

2. A newly curated open-source tracking dataset titled HTD-2? is introduced. This
dataset is sampled from eight broadcast NHL games to extend upon the existing
HTD-1. A detailed metadata analysis is presented along with a discussion on relevant
evaluation metrics to follow (Section 3).

3. The first public MOT reference benchmark for ice hockey, featuring evaluations on six
different tracking algorithms, and a thorough analysis of their merits and drawbacks
in our context (Section 4).

1.5 Thesis Structure

This thesis is structured as follows:

e Chapter 2 provides the background literature on MO'T, its paradigms, application to
other team sports and ice hockey.

e Chapter 3 describes the existing hockey tracking dataset - 1 (HTD-1) and introduces
the newly curated hockey tracking dataset - 2 (HTD-2), and presents the relevant
MOT evaluation metrics to be used.

e Chapter 4 establishes a new hockey public reference benchmark based on HTD-2,
using six different tracking methods, their fine-tuning results, and a study of their
performances.

e Chapter 5 details the first three components of our tracking pipeline namely detec-
tion, relD, and homography. A study on their architecture, choices, implementation
details, and results are also presented.

2https://github.com/harshap-ai/VIP-HTD
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e Chapter 6 explains our graph-based tracking model — its architecture, design choices,
loss function, implementation details, results and ablations.

e Finally, Chapter 7 summarizes the contributions of this thesis and outlines potential
application areas and future work directions.



Chapter 2

Background

This chapter is organized as follows: first, we introduce multi-object tracking MOT (section
2.1) and its two paradigms — joint detection and tracking (Joint detection and tracking
(JDT)) and tracking-by-detection (Tracking-by-detection (TBD)). Following a review of
the JDT (section 2.2) paradigm, we detail the TBD paradigm (section 2.3), examining
detection models (subsection 2.3.1) and relD networks (subsection 2.3.2). We then review
MOT for team sports (section 2.5), discussing relevant literature from soccer, basketball,
volleyball, and handball, followed by ice hockey-specific MOT methods (section 2.6). We
conclude this chapter with an analysis of current methodological gaps and our proposed
direction (section 2.7).

2.1 Multi-Object Tracking

MOT is an important computer vision challenge subsuming the tasks of object localiza-
tion, relD, association and tracking across a temporal sequence. It is a highly studied
and established problem due to its plethora of applications in robotics, autonomous ve-
hicles, industrial automation, surveillance, and sports. Current SOTA MOT methods are
mostly focused on dealing with crowded pedestrians [22, 47, 65], group dancing [94] and
autonomous driving [29] scenarios, which pose significant challenges due to high-density
scene interactions and frequent occlusions.

MOT has two major paradigms: (i) Joint detection and tracking (JDT) [5,59,69, 109,
], where a detector is converted into a tracker by predicting the location of bounding
boxes in adjacent frames autoregressively; and (ii) Tracking-by-detection (TBD) [7,9,55,
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, 119, 120] which consists of four steps — detection, feature extraction, data association
and identity assignment. Conventionally, the first two stages are off-the-shelf models for
detection and relD borrowed from existing literature, while the last two stages of association
and identity assignment are novel and represent the core tracking objective. Note that, we
discuss the first two stages as subsections within the TBD section and discuss tracking as
separate sections.

2.2 Joint Detection and Tracking

In this relatively new paradigm, an object detector is converted into a tracker by autore-
gressively estimating the positions of candidate bounding box locations in adjacent frames.
This paradigm is reasoned to explore potential model blocks that can be shared between
the detection and association steps to increase runtime efficiencies and reduce model com-
plexities. Wang et al. [109] propose a shared MOT system that allows target detection and
appearance embeddings to be jointly optimized using a multi-task loss function. To address
the optimization bias between detection and re-identification tasks, Zhang et al. [120] in-
troduce FairMOT, which builds upon CenterNet’s [125] anchor-free architecture to achieve
balanced training of both networks.

Tracktor [5] presents an alternative by taking frame f* as input and regresses it into
frame f'*! using Faster RCNN-based [76] bounding box detections, while utilizing a sep-
arate Siamese network [37] for relD feature extraction. CTracker [69] proposes an end-to-
end, chained network approach where the detector, relD and inference (tracker) steps are
combined into a single step, regressing target bounding boxes using two adjacent frames at
a time. RetinaTrack [59] modifies the RetinaNet [30] detector by splitting the post-FPN
computational pathways into different anchor shapes for successful predictions during oc-
clusions.

The main advantage with these JDT methods is their high inference speeds, joint
optimization capabilities, and their lightweight and fast detector setups. This enables
them to combine detection, association, and tracking into an end-to-end trainable model
using a multi-task loss function. Nevertheless, these methods face several challenges: they
introduce increased architectural complexity due to condensing the tracking pipeline into
one model, struggle with balancing multiple competing loss objectives, suffer from error
propagation in identity management due to biased joint optimization, and exhibit limited
adaptability since they are designed as monolithic, end-to-end frameworks.
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2.3 Tracking-by-Detection

The TBD paradigm contains the following three modules: Detection, Re-identification,
and Tracking.

2.3.1 Detection

Localizing target objects in the given frame is the fundamental first step towards MOT
via the TBD paradigm. Early object detection methods such as SIFT [56] and HOG [21]
focused more on extracting distinctive local features from images. SIFT [56] identified key-
points invariant to scale and rotation, creating descriptors that allowed matching against
known objects through gradient patterns. HOG [21] improved upon SIFT, by comput-
ing gradients across localized image regions to create histograms of orientations, effectively
capturing shape information for object detection. But, these technique rely on handcrafted
features such as explicitly defined sliding windows on images (hyperparameter), which lim-
its their adaptability to diverse and complex scenes, variations in environment (lighting,
scale, resolution), occlusions, and non-rigid object transformations predominantly found
in sports.

With the advent of modern deep learning methods [2,27,31,19,73,74,76,105,122], there
has been significant advancements in object detection both in terms of speed and accuracy.
Fast R-CNN [31] works by proposing multiple region of interest (Rol) inputs to a fully
CNN, where each Rol is max pooled into a fixed-size feature map and encoded into feature
embeddings by a fully-connected multi-layer perceptron (MLP). The output consists of
both softmax probabilities and per-class bounding boxes for each Rol. But, the limitation
with Fast R-CNN is its reliance on external region proposal methods (selective search)
creating a computational bottleneck. Faster R-CNN [70] addresses this by introducing
the region proposal network (RPN) that shares convolutional features with the detection
network, enabling end-to-end training and significantly faster inference.

You Only Look Once (YOLO) [97] family of algorithms differ from RPN-based methods
by first directly regressing the bounding box coordinates and pursuing classification there-
after. In general, RPN-based methods handle various object scales due to their variable
anchor box sizes, leading to a better accuracy, while the YOLO family tends to be faster
due to their single-stage architecture predicting bounding boxes and class probabilities in
one forward pass. YOLOX [122], a variant of the YOLO family strikes a balance through
an anchor-free detection approach. This is carried out by decoupling classification and
regression heads using two parallel branches, leading to both better inference speeds and
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omni-scale detection accuracy. This makes it a highly suitable choice for current sports-
based tracking methods [?,20,26,33,101]. A more detailed explanation of YOLOX [122]
and its suitability for ice hockey is presented in Chapter 5.

2.3.2 Re-identification

The second step in TBD paradigm is re-identification (reID), which accomplishes the task
of extracting discriminative appearance features from two consecutive input frames F;
and F;,; to find matching correspondences. In the context of monocular tracking, it
is framed as an instance-level recognition problem that helps associate similar objects
frame-by-frame temporally across the given sequence. relD networks typically use CNN
backbones for feature extraction, trained with triplet [32], contrastive [31], or cross-entropy
[121] loss functions for contrastive learning. DeepRelD [50] proposes a filter pairing CNN
that encodes photometric and geometric transforms for cross-view associations. Varior et
al. [100] present a Siamese CNN trained with contrastive loss [34] which clusters similar
feature embeddings together and dissimilar features apart. BraidNet [106] performs a
cross-summation of the intermediate features from source and target inputs, to extract
comparison features between the input pairs. This approach is specifically aimed at being
robust to misalignments and color differences. However, a major drawback with all these
approaches is their fixed-size convolutional kernels and rigid receptive fields that do not
effectively capture discriminative features when the same object appears at significantly
different scales across the sequence.

The ability to learn features at multiple scales is an irrefutable advantage, especially
for our use case, where broadcast cameras are subjected to pan-tilt-zoom effects to capture
interesting moments. OSNet [124] propose CNNs with residual blocks composed of multiple
convolutional streams, each learning features at different scales. Also called as omni-scale
learning, the learned features are fused together through a gating mechanism, leading to a
light-weight and SOTA relD model. A more detailed explanation of OSNet [121] and its
suitability for ice hockey is presented in Chapter 5.

2.4 MOT for Sports

Sports tracking is a pivotal task in vision due to its numerous downstream applications
in game analytics and statistics, strategic planning [01], performance evaluations, injury
prevention, and event detection. Automated player tracking reduces the need for manual

13



labor and human effort by streamlining game analysis and player performance evaluations.
However, naively extending methods originally designed for tracking in other domains
(pedestrians, vehicles) to team sports is a non-trivial task, due to the domain-specific
challenges in modeling dynamic player movements, occlusions, fast broadcast camera mo-
tion, and perspective projection errors. Several important steps have been taken with

the advent of deep networks [11], to adapt trackers for various team sports including soc-
cer [10,66,98, 112, 115], handball [10], basketball [1,3,57,117], and volleyball [96]. Public
MOT sports datasets [19,20] for the aforementioned sports have also been developed to

support principled evaluations.

2.5 Tracking for Team Sports

Initial methods in soccer tracking utilized Kalman filters [11] to track players and balls.
Najafzadeh et al. [66] estimate multiple player trajectories in soccer using Kalman filters
with fixed number of player targets at any given time. Yu et al. [I15] track soccer balls
utilizing a localized Kalman filter-based matching procedure to extend predicted trajec-
tories during temporary occlusions. The drawback with using Kalman filters though is
their linear motion model assumption which assumes trajectory paths to be linear, unlike
commonly observed in sports. Theagarajan et al. [93] use the DeepSORT algorithm [111]
to additionally include player relD features for soccer tracking. They use a YOLO-v2 [74]
detector to localize players and focus their approach on tactical analysis and soccer ball
possession statistics. However, YOLO-v2 [71] has been surpassed by many recent devel-
opments [97] while the quality of features from DeepSORT [I11] is sensitive to dynamic
scene (lighting, camera movements, scale) changes in broadcast. Iwase et al. [10] and Xu
et al. [112] propose tracking players using multiple static cameras by warping them onto a
common soccer field template using homography, to handle player occlusions. But, this is
only applicable in scenarios where multiple camera feeds are available.

In basketball, initial attempts by Acuna et al. [I] use SORT [7], which utilizes YOLO-
v2 [71] detections combined Kalman filters [11] to track player trajectories. Sanguesa et
al. [3] combine convolutional and geometric (pose) features from a VGG network [35] to
track players on the court but conclude that their method’s performance is negatively
impacted when players are occluded. Lu et al. [57] track players using Kalman filters [11]
with the underlying assumption that the relationship between time and players’ locations
is approximately linear in a short time interval i.e., players always move in a straight line
within a short interval of time, which does not apply for fast-paced sports. To overcome
these limitations, Zhang et al. [117] propose to track occluded players in a multi-camera
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setting, which is not readily available in all team sports. Kipf et al. [13] predict future
player and ball trajectories during ‘Pick and Roll” instances (common offensive tactic in
National Basketball Association (NBA) games) using GNNs, with a CNN-based encoder
and a recurrent neural network (RNN)-based decoder. However, their approach directly
utilize the location information of players and the ball for each frame, which is unavailable
for televised broadcast videos.

Mauthner et al. [63] use particle filters to track beach volleyball players from a single
fixed camera and use player color cues to declutter occlusion scenarios. Buric et al. [10)]
evaluate SORT [7], DeepSORT [l 11], and Hungarian algorithm [15] to track handball

players captured in indoor environments specifically with artificial illumination.

2.6 Tracking for Ice Hockey

Unlike other team sports, ice hockey presents significant and unique challenges for MOT, as
discussed in Section 1.2. Early attempts at tracking ice hockey players were pursued using

an ensemble of handcrafted methods. Okuma et al. [68] use Adaboost [104] detections
with mixed particle filters (MPF) [103] for tracking players from television videos. The
MPF framework [103] extends traditional particle filtering by representing posterior state

distributions of n objects as n component mixtures, enabling multi-modal (here, it refers to
multiple possible states) tracking capabilities. However, MPFs are susceptible to identity
switches as the particles tend to merge and split in due process. Cai et al. [I 1] improve
upon Okuma et al. [68] by embedding the mean-shift algorithm into particle filters to
stabilize player trajectories during occlusion and utilize rink coordinates (homography) to
compensate camera motion from broadcast. But, the algorithm is not trained or tested
on broadcast hockey videos, but performs tracking directly in the rink coordinate system
derived from manual homography estimation.

Adopting recent advancements in deep learning, Vats et al. [I01] present the first private
benchmark for ice hockey by fine-tuning five different tracking algorithms for hockey MOT.
They also extend this work and propose a graph message passing networks (MPN)-based
hockey tracking model [101, 102] (henceforth, we shall call this model HockeyMOT for
simplicity) by fine-tuning the MOT neural solver [9] architecture on hockey tracking dataset
-1 (HTD-1) (dataset described in Section 3.2). HockeyMOT obtains 94.5% multi-object
tracking accuracy (MOTA), incurring 431 ID switches and 62.9% IDF'1 score on the test-set
from HTD-1, when evaluated using Faster RCNN-based [70] player detections. However,
this approach has two key limitations: first, their usage of bounding box attributes for
encoding graph edges leads to identity switches and uncertain tracklets, especially during

15



heavy player occlusions in broadcast feeds where overlapping bounding boxes (intersection
over union (IoU) 1) cause player misassociations (IDsw 1) and lost tracks. Second, they
rely solely on appearance features to encode graph nodes which is problematic in hockey,
since player identification is complicated by uniform physical builds, protective equipment,
identical team uniforms, motion blur, and variable rink illumination.

2.7 Discussion

Consolidating the above review, three main conclusions can be drawn:

1. Unlike soccer and basketball where there exists standard datasets [19,20], benchmarks
[62], and multiple tracking approaches, ice hockey remains relatively less explored.

2. The limitations in the current tracking baseline for ice hockey [101] provides further

scope for reducing identity switch errors (IDsw) and improving the identify F1 score
(IDF1) score.

3. The TBD paradigm is a popular choice among current MOT methods especially
in team sports, since each component can be optimized individually for enhanced
predictions.

Based on these observations, our first objective is to establish a reproducible reference
benchmark using the open-source HTD-2 to enable broader comparisons among hockey
MOT methods. We select six different tracking algorithms including early handcrafted
methods [7, 12], transformer-based [64] and graph-based [101] architectures, and present a
detailed study of their merits and drawbacks on ice hockey in Chapter 4.

Following the TBD paradigm due to its proven suitability for team sports, in Chapter 5,
we experiment with adapting the YOLOX detector [122] and OSNet relD architecture [121]
for hockey. We also discuss the benefits of fine-tuning them on our hockey datasets.

To the best of our knowledge, HockeyMOT [101] is the current state-of-the-art (SOTA)
approach for MOT in ice hockey. This demonstrates that graph-based formulations offer
a reliable way to model dynamic player movements and their relationships on the rink.
But, the current baseline incurs large IDsw errors which leads to inconsistent tracking.
Motivated by works using homography to transform multi-camera feeds in soccer [10], we
apply homography [33] on single-camera broadcast feeds to extract view-invariant player
positional coordinates and build a novel graph-based MPN (Chapter 6) to minimize player
identity switches and predict identity-preserved tracklets.
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Chapter 3

Datasets and Evaluation Metrics

3.1 Introduction

Access to high-quality data is a fundamental requirement for any machine learning (ML)
algorithm. We derive the prediction § = f(x;0) by approximating function f based on
the available data = (conditioned on parameter #). The quality and reliability of datasets,
therefore, steers the caliber and accuracy of models. In this chapter, we present an overview
of the existing hockey tracking dataset - 1 (HTD-1) and introduce hockey tracking dataset
- 2 (HTD-2) — an open-source extension to the existing dataset for multiplayer tracking in
ice hockey. We also discuss different standard evaluation metrics [6] followed by current
MOT literature, and analyze their relevance for our application.

3.2 Hockey Tracking Dataset - 1 (HTD-1)

The hockey tracking dataset - 1 (HTD-1) was annotated from scratch using the computer
vision annotation tool (CVAT)! tool by ice hockey domain experts from Stathletes Inc?,
specifically for MOT. It contains 26 clips sampled from five different NHL games, with
an average duration of approximately 35 seconds per clip. The clips have a standard
definition resolution of 1280 x 720p, sampled uniformly at 30 Hz from broadcast videos.
The train-test-validation split is 12:13:1, carefully partitioned to avoid any game-level bias.

1Found at: htt] bs://github.com/cvat-ai/cvat

2https://www.stathletes.com/
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Figure 3.1: Duration of each clip in HTD-1. The average duration of all clips, pu(clips) =
35 seconds (approximately).

This dataset is annotated in the MOT-challenge [17] format containing frame ID, track-
ing ID, bounding box coordinates, confidence score, category (foreground/background),
and occlusion score. All annotations in this dataset were obtained with permission from
Stathletes Inc.

3.3 Hockey Tracking Dataset - 2 (HTD-2)

We introduce hockey tracking dataset - 2 (HTD-2) (also called VIP - hockey tracking
dataset (VIP-HTD)) — an open-source, curated MOT dataset for ice hockey as a com-
plement to HTD-1, to enable public comparisons and benchmarking. To the best of our
knowledge, this is the first open-source MOT dataset for ice hockey available with a refer-
ence benchmark and remains publicly accessible for research?®.

3https://github.com /harshap-ai/VIP-HTD/
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Figure 3.2: Inaccurate annotations in MHPTD. (L-R) erroneous annotation, missing
player detections & offset bounding boxes, respectively.

This dataset is curated from the McGill hockey player tracking dataset (MHPTD) [114],
which remained unusable for MOT evaluations due to several limitations: (i) erroneous or
missing annotations, (ii) redundant clips, (iii) incorrect metadata, and (iv) lack of prop-
erly sampled frames (Fig. 3.2). While creating a new dataset from scratch through manual
annotations would be an alternative, it is prohibitively time-intensive, requiring approxi-
mately 10.45 minutes to annotate a one-minute clip sampled at 30 Hz, and 20 minutes for
a 60 Hz clip [101]. Therefore, given the existing MHPTD, we opted for curation over cre-
ation, focusing on addressing the aforementioned errors through extensive preprocessing,
data wrangling, and manual verifications. We refined the MHPTD dataset by remov-
ing redundant videos, correcting erroneous annotations, extracting parsed frames for each
clip, and conducting thorough metadata analysis (Table 3.1) to establish hockey tracking

dataset - 2 (HTD-2). Our work complies with all required permissions and licenses®.

3.3.1 Metadata

HTD-2 consists of 22 broadcast clips from eight different NHL games, containing side-of-
the-rink views with a standard definition resolution of 1280 x 720p. The average duration
of each clip, u =73.5 seconds (increases twice compared to HTD-1) with frames sampled
at either 30 Hz or 60 Hz. The refined annotations follow the standard MOT annotation
format, with confidence score set to one, as they are manually verified annotations. The
train-test-validation split we follow is 14:7:1, chosen with the test set containing mutually
exclusive clips from the train set to avoid data leakage and game-level bias.

AMHPTD dataset was open-sourced using GPL-3.0. Following all terms and conditions, we inherited
the same licensing to open-source our work.
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Figure 3.3: Duration of each clip in HT'D-2. Blue plots indicate train clips, red plots
indicate test clips, and green plots indicate validation clip. The average duration of all
clips, p(clips) = 73.5 seconds.

Table 3.1 below shows the duration of each clip, number of frames in each sequence,
number of player instances annotated (bounding boxes), and their sampling rates. In total,
HTD-2 contains 1,560 seconds of annotated clips with 73,889 frames and 576,016 player
instances. Figure 3.4 below represents two relationships — games vs. number of player
instances, and games vs. number of frames, respectively. The key takeaway from this pie
chart is the balanced distribution of games without any single game dominating more than
25% of this dataset.
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Games Clips Duration | No. of No. of FPS
(sec) frames | bounding | (Hz)
boxes
Clip #1 55 1,671 11,052 30
Central vs. Clip #2 65 1,965 12,572 30
Pacific Clip #3 68 2,066 2,066 30
Clip #4 88 2,646 15,769 30
Clip #1 52 1,585 14,154 30
1]\3412;11{;?2:;3 e Clip #2 35 1,067 7,698 30
Clip #3 53 1,618 13,912 30
Clip #1 46 1,391 10,685 30
E}eli;ﬁrf Clip #2 92 2,762 21,420 30
Clip #3 117 3,525 27,797 30
Hurricanes vs. Clip #1 108 6,517 51,436 60
Bruins Clip #2 44 2,644 22,814 60
Clip #1 94 5,647 40,740 60
Blues vs. Sharks Clip #2 63 3,809 29,194 60
Clip #3 100 6,027 46,323 60
Hurricanes vs, Clip #1 89 5,342 44,854 60
Rangers Clip #2 71 4,283 37,919 60
Clip #3 81 4,879 42,250 60
Clip #1 66 3,969 32,904 60
Stars vs. Flames Clip #2 69 4,160 36,367 60
Clip #3 81 4,876 27,615 60
Penguins vs. Clip #1 49 2,981 25,471 60
Capitals
Total 1,560 73,889 576,016
Table 3.1: Metadata for each curated clip from HTD-2. highlighted fields indicate

test split, cyan highlighted fields indicate validation split, and the rest indicate training
split.
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Figure 3.4: (left-right) Percentage of player instances by games and percentage of frames
by games, respectively, from HTD-2. All values are in percentage (%).
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3.3.2 Frame extraction methodology

MHPTD did not contain any extracted frames from clips, which is necessary for MOT
evaluations and visualizations. Therefore, we parsed all clips into frames using the open-
source CVAT tool at their native sampling rates. Interestingly, using external parser
libraries such as OpenCV?® or moviepy® generated excessive frames compared to CVAT for
any given clip. Our investigation revealed that this deviation stemmed from differences
in video synchronization approaches across tools. Specifically, CVAT uses FFMPEG” as a
backend API for parsing videos, which passes timestamps from the demultiplexer to the
multiplexer (enable option: -vsync 0), ensuring synchronized frame parsing at the clip’s
native rate. Without this synchronization, we observed an offset effect that gradually shifts
player bounding box locations towards the latter frames of the sequence. Note that this
effect is separate from the original offset errors found in the annotations of MHPTD. To
prevent such issues during future use, we have included the properly synchronized frames
in the dataset repository.

3.3.3 Identity assignment and annotation strategy

Conventionally, in pedestrian-based MOT datasets [22,17, (5], objects (pedestrians) are
assigned identities at the tracklet level i.e., when an object exits at time ¢; and re-enters
at time ¢; s.t. j > 1, it receives a mew ID. This approach is justified as pedestrians
typically move unidirectionally in natural environments and rarely re-enter the camera
FoV. Conversely in sports, object (player) identities are assigned at the personnel level
i.e., when a player exits at time ¢; and re-enters at time t; s.t. j > 4, they maintain their
previously assigned unique ID. This distinction arises because team sports have a fixed
number of players who frequently reappear within the camera FoV during the game. Both
our hockey datasets follow this personnel level annotation scheme, as they are annotated
by ice hockey domain experts who can reliably distinguish players using their expertise
and multiple available visual cues.

From a computer vision standpoint, the personnel annotation scheme addresses the
broader goal of unique player identification, assigning each player a single identity through-
out the entire game, regardless of temporary occlusions or exits from the camera FoV. How-
ever, our monocular tracking approach relaxes this constraint, focusing instead on main-

Shttps://opencv.org
Shttps://pypi.org/project/moviepy/
"https://www.ffmpeg.org/
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taining unique identities only while players are detectable and wvisible within the FoV. We
perform frame-to-frame associations to preserve player identities within predicted tracklets.

To elaborate formally, during our evaluations each predicted hypothesis 1D H,, is
matched to the ground truth player ID O, based on a pre-defined distance threshold
(IoU > 0.5 by default), yielding the output pair {#,,, O, }, where m and n are tracked
and ground truth player IDs, respectively. When a player re-enters after an interval At,
either following occlusions or after exiting and re-entering the camera FoV, they receive
a new hypothesis ID H, creating a new output pair {H, O,, | k¥ # m} that differs from
their previous match. This change increases the IDsw score according to standard MOT
metrics [0]. Subsequently, H; becomes the new default hypothesis for ground truth O,
until another switch occurs, preventing the propagation of the same switch throughout the
tracklet.

To address this situation, we translate the personnel level annotation scheme to tracklet
level annotations, aligning with our definitions of consistent tracking and identity-preserved
tracklets. For HTD-2, both annotation formats are available in the open-source github
repository.

3.4 Evaluation Metrics

Clear MOT [0] establishes the standard evaluation metrics widely adopted by current
SOTA tracking methods. It introduces two primary metrics: the multi-object tracking
accuracy (MOTA) score [0], combining false positives (FPs), false negatives (FNs), and
identity switch score (IDsw), and the identify F1 score (IDF1) [78]. In the context of ice
hockey, these can be defined as follows:

e False positives (FP): Number of players detected incorrectly per clip.
e False negatives (FN): Number of true players missed per clip.

e Identity switch score (IDsw): Number of identity swaps made for players when their
trajectories intersect (during occlusions) at the frame-level.

e Identity F1 score (IDF1): A measure of tracking consistency that evaluates how
well player identities are preserved in predicted tracklets compared to ground truth
trajectories at the tracklet-level, expressed as a percentage (%).

The above metrics can be mathematically described as follows:
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e False positives (FPs) measures the frequency of incorrect detections where a predicted
hypothesis H; has no matching ground truth GT,; within a specified IoU threshold.
This is computed as:

>or FP;
=1 ?

where n denotes the total number of frames.

e False negatives (FNs) measures the frequency of missed detections where a ground
truth GT; has no corresponding hypothesis ‘H; within a specified IoU threshold. This
is computed as:

2 izt FN;

FN=&="+
Z?:l GT;

(3.2)

where n denotes the total number of frames.

e ID switch (IDsw) errors occur when hypothesis-object assignments swap between
frames, where initial pairs {H, 01} and {Hs, Oz} become {H;, Os} and {Hs, O }.
This is computed as:

>, IDsw;
Z?:l GT;

where n denotes the total number of frames.

IDsw = (3-3)

e Multi-object tracking accuracy: consolidates false negatives, false positives, and iden-
tity switches into a single metric that measures overall tracking performance. It is
computed as:

Z?:l GT;

The range of MOTA € (—o0, 100] and is measured as a percentage (%).

MOTA =1 —

(3.4)

e [DF'1 score measures tracking consistency by quantifying the ratio of correctly iden-
tified player tracklets to the average number of ground truth and predicted identities.
Mathematically, it is the harmonic mean of identity precision and identity recall:
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IDF1 = 2 x L (3.5)
N 2 x TP'Y) + Fpid + FNid '
(

where, TP'4, FP'Y FN'¢ represent correctly identified, falsely identified, and missed
player identities in the predicted set of tracklets T, respectively.

Discussion

The FPs and FNs used to calculate MOTA are predominantly influenced by detector
performance [0]. In the MOTA formulation (Eqn. 3.4), detection errors (FP and FN)
carry twice the weight of tracking errors (IDsw), making it a poor indicator of tracking
consistency even when player associations are accurate.

For evaluating tracking performance in ice hockey, we therefore focus on two more
relevant metrics: IDsw and IDF1 scores. The IDsw directly measures tracking consistency
by counting identity inconsistencies at the frame level, while IDF1 provides a balanced
assessment of both detection and tracking quality at the tracklet level. Consequently, we
optimize our approach to minimize IDsw errors ({) and maximize IDF1 score (1) to achieve
robust identity-preserved player tracking

3.5 Conclusion

This chapter presented two datasets used in this work: the hockey tracking dataset -
1 (HTD-1) and the open-source VIP - Hockey Tracking Dataset (HTD-2), curated for
reference benchmarking and open-source access. We provided a comprehensive metadata
analysis of HT'D-2, discussing curation challenges, frame extraction methodology, and iden-
tity assignment strategies. Finally, we described standard MOT evaluation metrics from
current literature and identified those most relevant for ice hockey tracking. The following
chapter establishes a public benchmark using HTD-2 and analyzes the performance of six
popular tracking methods when fine-tuned for ice hockey.
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Chapter 4

Public Tracking Benchmark

4.1 Introduction

Benchmarks in computer vision are integral for identifying drawbacks with existing meth-
ods and advancing the current state-of-the-art (SOTA). Following the introduction of
hockey datasets in chapter 3, in this chapter we establish a public reference benchmark for
ice hockey. We evaluate six tracking methods fine-tuned on HTD-2, selected to maximize
methodological diversity for a comprehensive comparison.

4.2 Tracking Benchmark: Motivation

Following the MOT benchmark established by Vats et al. [101] on HTD-1, we present a new
public benchmark utilizing contemporary tracking approaches: SORT [7], OC-SORT [12],
Tracktor [5], ByteTrack [119], HockeyMOT [101], and Trackformer [64]. To ensure re-

producibility, all methods are fine-tuned on HTD-2 while maintaining their original op-
timal hyperparameter configurations. The selected methods represent diverse tracking
paradigms: SORT and OC-SORT exemplify the TBD approach, employing classical tech-
niques such as Kalman filters [11] and Hungarian matching [15] for prediction and associ-
ation. Tracktor and ByteTrack implement the JDT paradigm, performing autoregressive
frame-to-frame player associations. HockeyMOT, which serves as our baseline, adopts the
TBD framework utilizing a graph-based MPN, while Trackformer introduces an innovative
tracking-by-attention paradigm leveraging the popular transformer architecture [2].
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4.2.1 Simple online and realtime tracking (SORT)

SORT [7] established a significant tracking baseline by combining a CNN-based detec-
tion step with Kalman filters [11] for tracking object states (per frame) and Hungarian
algorithm [15] for object association (across frames). The algorithm introduced two key
innovations: (i) The integration of CNNs for object localization, which achieved substan-
tial improvements in tracking accuracy by 18.9% (1), and (ii) Real time (online) tracking
capabilities with a 260 Hz inference speed for tracker state updates. Originally, SORT
implemented the Faster R-CNN [70] detector pre-trained on the Pascal VOC [25] dataset
without any fine-tuning. In our benchmark experiments, we fine-tune Faster R-CNN on
ice hockey for better domain adaptability.

4.2.2 Observation-centric SORT (OC-SORT)

OC-SORT [12] extends the classical SORT framework [7] by addressing the limitations
inherent in linear motion model assumptions through the integration of object observa-
tions from the YOLOX detector [122] for computing virtual trajectories during occlusion
periods. The method specifically targets the mitigation of temporal error accumulation
in Kalman filter [11] implementations, where state estimation errors typically propagate
through posteriori updates. This enhancement, termed the re-update stage by the authors,
is activated upon the re-association of lost tracks with observations, utilizing virtual tra-
jectories to bridge tracking discontinuities. The primary methodological contribution lies
in its shift from traditional estimation-centric tracking, which relies primarily on Kalman
filter predictions, to an observation-centric approach that prioritizes actual detector mea-
surements for trajectory updates. In our experiments, we adopt the YOLOX detector from
the original work and fine-tune it on hockey.

4.2.3 Tracktor

Tracking without bells and whistles, known as Tracktor [5], reformulates tracking as a
bounding box regression problem based exclusively on Faster R-CNN [70] detections. This
approach effectively transforms a detector into a tracker by substituting the traditional
association step with a regression step, eliminating the need for explicit tracking dataset
optimization. The model performs temporal bounding box regression from position b} ,
at frame t — 1 to position bF at frame ¢, employing Rol pooling on current frame features
using the predicted coordinates from the previous frame. This can be formally expressed
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as:
b¥ = Rolpool(bF_,, F*)

where Rolpool(.) performs regression by Rol pooling on the features of the current frame us-
ing previous frame’s bounding box coordinates. The authors enhance this base model with
Tracktor++4, which incorporates two additional components: a motion model to address
challenges posed by camera movement and low frame rates, and a Siamese CNN-based
relD [37] framework for appearance-based short-term associations. For our benchmark
evaluation, we implement Tracktor++ with its detector fine-tuned on HTD-2, owing to its
superior performance characteristics.

4.2.4 ByteTrack

ByteTrack [119] introduces an innovative association strategy that diverges from conven-
tional trackers by considering both high and low-confidence detection scores, rather than
relying solely on detections above a predetermined confidence threshold. This approach
is motivated by the observation that low-confidence detections may contain non-negligible
true positivess (TPs), whose exclusion can result in object misses and track fragmenta-
tion. The methodology comprises two distinct association phases: (i) High-confidence
association, which adopts the SORT [7] framework utilizing Kalman filters for track pre-
diction and the Hungarian algorithm [15] for association based on either IoU scores or
relD feature similarities, and (ii) Low-confidence association, which matches previously
unmatched tracks with low-score detections exclusively through [oU-based similarity. The

original implementation employs the YOLOX detector [122], pretrained on common objects
in context (COCO) [53] and subsequently fine-tuned on a composite pedestrian dataset
comprising MOT17 [65], CrowdHuman [$1], Cityperson [ 18], and ETHZ [21]. For consis-

tent evaluation, a detection score threshold 7 = 0.6 is maintained. In our experimental
setup, we preserve all default procedures while adapting YOLOX through fine-tuning on
ice hockey data.

4.2.5 HockeyMOT

HockeyMOT [101], drawing inspiration from the MOT Neural Solver [9] architecture, im-
plements tracking as a fully differentiable framework utilizing MPN [4] in a graph-based
structure. The framework encodes player features as node and edge embeddings within the
graph, associating similar players through minimum cost flow formulation [ 16] principles.
The model architecture comprises four distinct stages (illustrated in Fig. 4.1):
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(a) Input (b) Graph Construction + Feature En-  (c¢) Neural Message Passing  (d) Edge Classification (e) Outpu
coding

Figure 4.1: HockeyMOT [101] architecture inspired by MOT Neural Solver [J]

e Graph Construction: Given a set of object detections, the model constructs one graph
per frame where nodes encode player features and edges represent their interconnec-
tions.

e Feature Encoding: The appearance embeddings for nodes are computed via a CNN,
while the geometric embeddings for the edges are derived through an MLP using
the relative size of bounding box coordinates, position and temporal (frame number)
inputs.

e Neural Message Passing: The core component comprises m message passing itera-
tions (hyperparameter), facilitating bidirectional information exchange: nodes share
appearance features with connecting edges, while edges communicate geometric in-
formation to incident nodes.

e Training: The network is trained using a cross-entropy loss function [121] to perform
binary classification on the edge embeddings after the final message passing step.
During inference, a threshold 7 = 0.5 binarizes output probabilities, where 0 and 1
indicate absence and presence of player associations, respectively.

Following the TBD paradigm, HockeyMOT employs a Faster R-CNN detector [76] fine-
tuned on HTD-1. It utilizes a Resnet50 [35] architecture as the relD network backbone,
pre-trained on standard re-identification datasets: Market1501 [123], CUHKO3 [51], and
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DukeMTMC [79] adhering to established MOT practices. The implementation adopts
m = 12 message passing iterations based on empirical evaluation, with tracking MLPs
trained on HTD-1. In our experimental framework, while maintaining the pretrained relD
network, we fine-tune both detector and tracker components on the HTD-2 dataset for fair
comparisons.

4.2.6 Trackformer

Trackformer [(4] presents an end-to-end trainable transformer architecture that concep-
tualizes tracking as a frame-to-frame set prediction task. The framework introduces a
novel tracking-by-attention paradigm, leveraging both self- and encoder-decoder attention
mechanisms for track evolution. The architecture integrates a Resnetb50 [35] CNN for
bounding box feature extraction, a transformer encoder for feature encoding, and a trans-
former decoder that generates target output embeddings containing bounding box and
class information. The framework’s operational pipeline comprises four sequential stages:

e Step 1: Frame-level feature extraction utilizing a Resnet50 [35] CNN.

o Step 2: Feature encoding through self-attention mechanisms via a transformer en-
coder, initially pre-trained on the COCO [53] dataset and subsequently fine-tuned
on MOT17 [65].

e Step 3: Query decoding in the transformer decoder through dual attention mecha-
nisms: self-attention and encoder-decoder attention.

e Step 4: Translation of decoded queries to bounding box coordinates and class pre-
dictions via MLPs.

The encoder-decoder architecture (Figure 4.2), inspired by the DETR framework [127],
incorporates multi-head self attention (MHSA) layers, layer normalization [18], and fully-
connected feed forward networks (FENs). The decoder head implements dual FFNs for
class categorization (person versus background) and bounding box coordinate prediction.
Let m : i — j be a mapping function, where j = (i) assigns predictions g; € Y to ground
truth objects y; € Y, established either through track identity or through similarity metrics
based on object class and bounding box correspondence scores.
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4.3 Comparison Study

4.3.1 Implementation details

All benchmark methods, except Trackformer [61], employ either Faster R-CNN [7(] or
YOLOX [122] for object detection. These detectors are fine-tuned on HTD-2 to address
the distribution shift between hockey player detection and conventional pedestrian or crowd
scenarios (Section 5.2). The models were trained on 14 training clips and evaluated on seven
test clips using an NVIDIA Geforce RTX 2080Ti GPU with 12 GB RAM and 1.3GHz clock
speed.

For all the benchmarked methods, we utilized the default hyperparameters since they
are optimized for best performance. For SORT [7], we followed the default hyperparameters
by setting the IoU threshold at 0.3. For OC-SORT [12], we used a batch size of 64 and
set theloU threshold at 0.3. For Tracktor [5], the batch size was set at 2, learning rate
at le™, and fine-tuned for 27 epochs. For ByteTrack [119], we set the batch size = 48,
learning rate = le™3, and fine-tuned the model for 80 epochs. In HockeyMOT [101], we
set the batch size = 8, learning rate = le~2, and fine-tune it for 25 epochs, as followed in
the baseline. For Trackformer, we set batch size = 2, learning rate = 2e¢~3, and fine-tune
the attention network for 50 epochs.

4.3.2 Quantitative results

Quantitative results using standard MOT metrics [0] are presented in Table 4.1. For
detailed performance analysis, Tables 4.2 and 4.3 provide clip-wise IDsw and IDF1 scores
across the seven evaluation clips—two critical metrics that effectively capture tracking
performance as discussed in Chapter 3 (subsection 3.4).

From Table 4.1, ByteTrack [119] demonstrates superior performance with a 27.4%
reduction in IDsw and a 3.8% improvement in IDF1 scores compared to the next best
performing methods. This enhanced performance can be attributed to its novel association
strategy that leverages both high and low-confidence detections to handle occlusions and
visual uncertainties. Conversely, HockeyMOT [101] achieves 73% fewer FPs and 90%
fewer FNs compared to ByteTrack, owing to its hybrid approach that combines its native
tracking with Tracktor-based trajectory imputation during post-processing. However, this
introduces additional computational overhead of O(HockeyMOT + Tracktor) and increased
model complexity in terms of floating-point operations per seconds (FLOPs).
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Method MOTA % (1) | FP () | FN ({) | IDsw ({) | IDF1 % (1)
SORT [7] 70.24 28,475 | 33,135 685 61.61
OC-SORT [17] 72.5 24,735 | 31,076 | 541 73.81
Tracktor [5] 71.28 30,692 | 30,169 1,100 59.6
ByteTrack [119] 82.97 13,804 | 14,637 393 83.5
HockeyMOT [101] 76.02 3721 | 1,417 787 80.2
Trackformer! [64] <0 367,253 | 32,356 858 32.6

Table 4.1: Public reference benchmark for ice hockey. All benchmarked trackers were
evaluated on the seven test clips from HTD-2. Best results are in red, second best results
are underlined. T indicates no fine-tuning on ice hockey. Note that MOTA € (—o0,100].

CAR | CAR | CGY | CHI | CNTRL | PIT | STL

Test clips e VS VS VS VS VS VS
BOS | NYR | DAL | TOR | PAC SJ | SJ

SORT [7] 109 | 128 | 64 91 114 59 | 120
OC-SORT [12] 130 | 80 51 47 110 26 | 97
Tracktor [5] 141 | 225 | 73 | 152 191 140 | 178
HockeyMOT [101] | 115 | 71 41 | 152 136 164 | 108
ByteTrack [119] 67 46 39 33 81 31 | 96
Trackformer [64] | 166 | 128 | 86 | 147 97 92 | 142

Table 4.2: Video-wise IDsw benchmark on HTD-2. Lower ({) is better.

fine-tuning on ice hockey. Best results are highlighted in red.
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CAR | CAR | CGY | CHI | CNTRL | PIT STL
Test clips Vs \E Vs Vs \E Vs Vs
BOS | NYR | DAL | TOR PAC SJ SJ
SORT [7] 57.0% | 59.5% | 56.5% | 50.2% | 64.6% | 63.3% | 80.2%
OC-SORT [12] 62.2% | 86.3% | 72.7% | 65.7% | 72.2% | 73.2% | 84.4%
Tracktor [5] 55.8% | 57.6% | 56.8% | 47.0% | 61.4% | 61.8% | 77.2%
HockeyMOT [101] | 85.4% | 81.1% | 77.4% | 60.3% | 71.7% | 70.1% | 86.2%
ByteTrack [119] | 84.5% | 86.6% | 88.9% | 78.9% | 80.3% | 80.0% | 85.9%
Trackformer® [64] | 38.5% | 27.1% | 33.2% | 34.7% | 37.5% | 42.6% | 31.0%

Table 4.3: Video-wise IDF1 benchmark on HTD-2. Higher (1) is better. (}) indicates no
fine-tuning on ice hockey. Best results are highlighted in red.

Tracktor [5] underperforms compared to other JDT methods due to its assumption of
minimal frame-to-frame object displacement—a constraint that requires high frame sam-
pling rates. While it implements a motion model to address this limitation, the underlying
constant velocity assumption proves inadequate for capturing the rapid, non-linear player
movements characteristic of ice hockey. Similarly, SORT [7] and OC-SORT [12] exhibit
performance degradation due to their reliance on Kalman filters [11] with linear velocity
assumptions. Trackformer [0] presents an unexpected phenomenon: its fine-tuned ver-
sion underperforms compared to its pre-trained model. This counterintuitive result stems
from transformers’ lack of inductive bias [10], requiring extensive training data for effec-
tive domain adaptation. The superior performance of the pre-trained model, trained on
pedestrian MOT [65] and CrowdHuman [31] datasets, suggests that transformers derive
greater benefit from general tracking features learned from large-scale, diverse datasets
than from domain-specific fine-tuning on limited hockey data. Consequently, we report
only the pre-trained Trackformer results (denoted by T) in our benchmark tables, as the
fine-tuned variant’s diminished performance precludes meaningful comparative analysis.
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4.4 Conclusion

We established a comprehensive, public benchmark for MOT in ice hockey, evaluating six
diverse tracking methodologies using standard MOT metrics [6]. This provides a reference
standard for evaluating future tracking methods in hockey player tracking. Analysis of the
various approaches yields two critical insights: (i) JDT methods demonstrate limited po-
tential for further advancement due to the inherent constraints of joint detection-tracking
optimization, and (ii) graph-based approaches, while demonstrating competitive perfor-
mance, offer substantial opportunities for fundamental improvements. Furthermore, graph
structures inherently provide a more natural representation for modeling human motion
and dynamics. Motivated by these findings, our subsequent chapters focuses on addressing
the current limitations of HockeyMOT—specifically its susceptibility to ID switches and
tracklet identity inconsistencies—through the development of a novel graphical message
passing networks (MPN) for SOTA player tracking.
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Chapter 5

Part I: Multi-object Tracking
Pipeline

5.1 Introduction

Having established the contextual ground for this thesis, we now present the central frame-
work of this thesis: an end-to-end multi-player tracking pipeline for ice hockey. Our
methodology adopts the established TBD paradigm, which traditionally comprises of three
core components: (i) detection, (ii) relD, and (iii) tracking. We extend this framework
for hockey, by introducing a novel fourth component—homography—that warps camera
view-variant broadcast frames onto a common view-invariant overhead rink template, pro-
viding a uniform top-down perspective to mitigate positional ambiguities from perspective
distortions and occlusions (Section 5.4). This helps our objective by enhancing the ro-
bustness of tracking especially during player occlusions. Each component in our proposed
pipeline is independently optimized and end-to-end trainable, with no shared parameters
across modules. The selection of algorithms was guided by their capacity to effectively
model the characteristics specific to hockey’s independent and identical distribution (i.i.d).

The remainder of this chapter details these foundational components: detection, relD,
and homography. We discuss the implementation and performance of each module, estab-
lishing the technical groundwork for our tracking framework. Chapter 6 then demonstrates
how these components integrate within our graph-based tracking module, followed by ex-
perimental analysis and ablation studies.
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Figure 5.1: Owverall tracking pipeline. The raw input frame I is first processed by the
detector D, generating bounding box coordinates Ip. These coordinates are input to both
the relD network r*¢, which downsamples the image to 256 x 128 and extracts the 512-
dimensional features, and the homography model p, which maps footpoint coordinates to
an overhead template {p;,p;}. The outputs from the detection, relD, and homography
models are then used in the association step to produce the tracked frame I;.
Blue-bordered blocks indicate trained or fine-tuned models; green-bordered block denotes
off-the-shelf homography model. Note that the player track IDs are sequentially initialized
and do not correspond to their jersey numbers.
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Figure 5.2: YOLOX [122] architecture adapted for ice hockey player detection. Unlike
previous YOLO versions (v3-v5), YOLOX employs separate heads for class prediction,
IoU prediction, and regression, making it better suited for sports applications.

5.2 Detection

In TBD approaches, detection serves as the primary step in object localization across tem-
poral sequences. Reliable detection reduces tracklet fragmentation. While contemporary
tracking methods predominantly utilize either a version of the YOLO family of detec-
tors [8,27,73,74] or RCNN-based architectures [31,32,70] for pedestrian tracking scenar-
ios, YOLOX [122], an enhanced version of the YOLO family, has emerged as the preferred
choice for sports tracking applications [?,20,26,33, 101]. The advantages of YOLOX are
methodological: its anchor-free detection architecture reduces FLOPs and computational
latency, while its dual-branch structure separates classification and regression heads, strik-
ing a balance between computational efficiency and detection accuracy (Fig. 5.2).

Therefore, for ice hockey implementation, we adopted the largest backbone with 99.1M
parameters and 281.9 GFLOPs, pre-trained on the COCO dataset [53], as it demonstrates
superior detection accuracy. We fine-tuned the model on the combined training sets from
both hockey datasets for 80 epochs using four NVIDIA GeForce RTX 2080 Ti GPUs, each
with 12 GB VRAM. The implementation achieved 97.7% mAP** (@ IoU = 0.50). These
results were obtained with a batch size of eight and a learning rate (LR) of 0.000125,
evaluated on three randomly selected test videos from each dataset to ensure unbiased
validation.

Discussion. Figure 5.3 demonstrates both successful player localizations and failures
cases of our model. Detection failures are inherent to monocular broadcast views, where
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Figure 5.3: Detection results on the HTD-2 test-set. First row shows the robustness of our
detections in challenging situations. Second row shows our detector’s limitations, where
players are non-localizable (D = {¢;}, shown using green arrows).
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a single camera perspective cannot reliably detect occluded or severely blurred players. In
these cases, multiple players often overlap within the same bounding box, making naive
interpolation prone to identity switches during association. We address this by terminating
tracklets at the last valid detection and initiating new ones when players become detectable
again, preventing tracking errors during such overlaps.

5.3 Re-identification (relD)

In MOT, relD networks generate discriminative feature embeddings that maximize sim-
ilarity between features of the same object while minimizing similarity between different
objects, enabling effective associations. Although primarily developed for multi-camera
tracking systems [10,00,72], these feature embeddings are equally valuable in monocular
tracking for frame-to-frame player association. In monocular applications, relD networks
function as feature encoders, typically built on convolutional backbones [35] and trained
using either cross-entropy [121] or triplet loss [$2] to differentiate object features.
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Figure 5.4: Architecture of OSNet [124] adapted for hockey player re-identification. The
network processes input images I € R!28%256X3 through multi-scale convolutions for fine-
grained feature extraction, producing 512-dimensional feature vectors. The omni-scale
feature extraction helps mitigate blur effects (middle column) in player appearances.

The established approach in pedestrian tracking employs relD models pretrained on
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external datasets [51,79,123] without fine-tuning, as these datasets share similar distribu-
tions with pedestrian MOT scenarios. However, this approach is inadequate for hockey
applications due to fundamental differences in player movements, visual features, and en-
vironmental conditions. This raises a critical question: Does fine-tuning relD models on
ice hockey improve feature quality? Our experimental results confirm this hypothesis (Fig.
5.6).

For implementation, we selected OSNet [124], which has demonstrated effectiveness in
graph-based tracking methods [16,00] through its multi-scale feature extraction architec-
ture (Fig. 5.4). We adopted the highest-performing backbone pretrained on Imagenet [23]
and Market1501 [123], fine-tuning it on our hockey datasets for 25 epochs. We use a
multi-step learning rate schedule initialized at 1.5¢™2 with 0.1x decay every 8 epochs. The
objective function combines cross-entropy loss with label smoothening regularization [95]
and triplet loss [32], designed to learn distinctive feature representations. Feature match-
ing utilizes cosine distance between query (soruce) and gallery (target) images, achieving
a final accuracy of 68.1% for ice hockey.
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Figure 5.5: t-SNE visualization [99] of temporal relD features encoding player appearance
and homography-transformed positional information. Each point (and color) represents
a unique player. Top row shows feature embeddings from the pre-trained model, where
features are less discriminative and closely clustered. Bottom row demonstrates improved
feature separation after hockey-specific fine-tuning.

Fig. 5.5 demonstrates the improvement in player feature discrimination between pre-
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Figure 5.6: Convolutional feature activation maps from the last layer of OSNet [124]. Top
row illustrates the regions focused by the pre-trained model. Bottom row shows the fine-
tuned model’s attention areas, exhibiting stronger and more uniform activation across the
player form.
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trained and fine-tuned OSNet relD model. Despite the challenge of distinguishing players
in hockey due to uniform equipment and full-body gear, our results confirm that effective
feature separation is achievable through domain-specific fine-tuning. Figure 5.6 presents
the feature activation maps from OSNet’s final layer, highlighting regions the model uses
for feature discrimination. Notably, both pre-trained and fine-tuned models attend to
facial features, an expected behavior given the extensive pre-training on Imagenet [23]
with its large collection of human facial images. However, the fine-tuned model extends
its attention to players’ back and lower regions and exhibits stronger activation across the
entire player form compared to the pre-trained version.

5.4 Homography

Broadcast ice hockey footage, captured from a single camera perspective, presents inherent
challenges including frequent player occlusions and camera motion artifacts (blurs, pans,
tilts, zooms) as discussed in Chapter 1. These limitations affect tracking continuity specif-
ically when players are localizable but have intersecting paths, making them susceptible to
identity switches even during brief intervals. This is especially pronounced in ice hockey as
a fast-paced dynamic sport where players frequently compete together for the puck. This
motivates us to explore the key question: ” Can additional positional cues aid our tracker
in maintaining player identities during these scenarios?”

We find that the answer lies in homography, which involves warping camera view-variant
broadcast frames onto a common view-invariant overhead rink template (Fig. 5.7). This
transformation provides a uniform top-down perspective of the rink, reducing positional
ambiguities caused by perspective distortions and occlusions. But, since the broadcast
camera parameters are unknown, this warping is achieved through an off-the-shelf SOTA
hockey homography estimator [$3] that maps each broadcast frame to the overhead tem-
plate by computing the 3 x 3 homography matrix, H.

From the warped frames, we need player positional information, which is best repre-
sented by their points of contact with the ice surface (footpoints). Following the approach
established in ReST [10], we approximate these footpoints at frame F; using the bottom-
center points of players’ bounding boxes, as these points indicate their positions on the
rink. The homographic transformation for each player is defined as follows. For player P,
with footpoints (x;, ;) in broadcast view:
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Figure 5.7: Warping broadcast frames onto the overhead rink template using homography.
Top row shows randomly sampled broadcast frames from three different parts of the rink.
Middle row shows their warped representations on the view-invariant rink template using
homography. Bottom row shows the corresponding footpoint visualizations of players as
points, where each point portrays a distinct player.

x; € hii hia has Z;
pi=s |y | =H |yi| = |har haa ha| |y (5.1)

where p; denotes the homographic projection of player P;, (x;,y;) denotes the projected
player footpoints in the overhead view, s represents scale factor, and H is the 3 x 3 homog-
raphy matrix. This matrix is computed through a two-step process using the homography
estimator [33] model: an initial mapping is performed with four points—two from the bot-
tom corners and two from corners at 60% of the image height—followed by a refinement
step that adjusts the mapping using the four face-off points in the end zones. The H

45



matrix helps encode the rotation, shear, translation and perspective distortion information
while mapping from the broadcast view to the overhead rink template.

Figure 5.7 shows the warped output from the homography model. We compute the
homography matrix, H for each frame from the broadcast view, warp the frames onto the
overhead rink template, and derive the projected player footpoints (2, ') as input features
for the graph tracking framework.

5.5 Conclusion

In this chapter, we introduced the three major building blocks of our multi-player tracking
pipeline — detection, relD, and homography. First, in detection, we presented our reasoning
behind choosing the YOLOX [122] architecture, its implementation details, success and
failure cases in monocular views, and a discussion on how we handle these two cases.
Second, in relD, we discussed our choice behind OSNet [124], its implementation details,
and the benefits of fine-tuning it on ice hockey. Third, we presented our novel homography
integration to derive player positional representations to cue as inputs to our tracking
model. In the next chapter, we delve deep into the specifics of our novel tracking network,
integrating the above three components to build a SOTA player tracking framework for ice
hockey.
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Chapter 6

Part II: Multi-object Tracking
Pipeline

6.1 Introduction

Ice hockey differs from most other team sports in posing unique challenges to tracking due
to its highly physical and fast-paced nature. Specifically, MOT in hockey has to address
three main challenges: (i) occlusion due to player overlaps in the monocular broadcast
PoV; (ii) rapid and non-linear player motion due to dynamic gameplay, and; (iii) fre-
quent camera pan-tilt-zoom effects causing blurs and reduced visibility of players. These
limitations increase ID switch errors and give rise to identity-uncertain tracklets (Fig. 6.1).

Recent approaches using deep networks have shown great promise in the accuracy
of tracking hockey players from broadcast feeds. Vats et al. [I01] present a comparison
between five different tracking models, fine-tune the MOT neural solver [9] architecture
on ice hockey to derive HockeyMOT, and obtain SOTA results. They subsequently use
this method to generate tracklets for player identification and team recognition [102]. To
the best of our knowledge, this method is currently the SOTA for MOT in ice hockey
and therefore, we adopt it as a baseline to evaluate our proposed method. However, there
exists two major limitations with this approach: first, their model encodes the bounding
box attributes of players as graphical edge embeddings which results in identity switches
and identity-uncertain tracklets. This is because, when there exists heavy occlusion among
players as usually observed in broadcast feeds, their bounding boxes overlap significantly
in the monocular view (IoU 1), causing misassociation of players (IDsw 1) and missing
tracks. Second, their node embeddings (Section 6.2.2) are encoded solely based on player
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Figure 6.1: Our proposed tracker minimizes identity swaps. Row 1: Tracklet predictions
from the HockeyMOT baseline [101], where players from the Hurricanes (white jerseys)
and Rangers are swapped, leading to identity-inconsistent tracklets. Rows 2, 3: Results
from our proposed tracker, which fully remowves ID switches and preserves tracklet identity
throughout. The tracklets were sampled at 30 Hz for the first five frames and at 10 Hz
thereafter for better illustration.

Frame border color codes:
Red : Starting (reference) frame, Green : Players get switched inside a tracklet (IDsw 1),
Blue : Hurricanes player tracklet; Cyan : Rangers player tracklet;
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appearance features, which is ambiguous in hockey due to players’ homogeneity in physical
size and build, bulky protective clothing, identical team uniforms and skates, camera blur,
and contrastive illumination effects on the rink. With these setbacks present, we ask the
question:

"Giwen a monocular broadcast feed, is it possible to declutter occluded players, minimize
identity switches and consistently track players to maintain identity-preserved tracklets?”.
Our experimental results demonstrate that this is indeed achievable.

We formulate MOT as a link prediction problem in the graph domain as graphs offer a
natural way of representing players and their relationships. The novelty of our approach
lies in utilizing homography to obtain reliable spatial (positional) cues for players on the
rink. Specifically, we map each frame from the broadcast feed to an overhead rink template
using an off-the-shelf hockey homography estimator [$3], since broadcast camera parame-
ters are unknown. This estimates a homography transformation matrix {H € R3*3} that
converts broadcast-view 2D footpoint coordinates {(z,y) € R?} to the view-invariant 2D
footpoint coordinates {(z',3) € R?} in the overhead rink space (Fig. 6.2). We encode
these projected positions along with player relD features as graph embeddings, and propa-
gate them throughout the graph network using the message passing networks (MPN) [1,30]
framework. Our model follows the popular tracking-by-detection TBD paradigm; we show
evaluations with both ground truth detections and off-the-shelf detector outputs [76] con-
sistent with the norms followed in our baseline. Through this approach, our model is able
to utilize the overhead positional information of players as additional cues to track with
consistency during occlusions, blurs, and dynamic player movements. Fig. 6.1 illustrates
the improved tracking performance of our method compared to the baseline [101].

The contributions of this chapter can be summarized as follows:

e We propose a simple yet effective spatio-temporal graph network utilizing the MPN
framework for consistent player tracking from broadcast feeds.

e We introduce a novel homography-based approach that provides robust positional
cues to the graph network during challenging tracking scenarios.

e We demonstrate significant improvements in identity switch score (IDsw) and identify
F1 score (IDF1) metrics on two broadcast hockey datasets (Section 3).
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Figure 6.2: What makes our approach novel? (a) During a significant occlusion scenario
(t +2), other trackers lead to an IDsw; (b) Our method consistently tracks players before
and after occlusion; (c) Overhead rink template used for homography projection; (d)
Player footpoint coordinates mapped to the overhead template. At (¢ + 2), there is a
clear distinction between overlapping players from the top view. This information aids our
tracker in preserving player identities within tracklets.
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6.2 Proposed Method

6.2.1 Overview

In this work, we leverage GNNs to build a frame-by-frame spatio-temporal graph tracker,
concatenating homography footpoint projections with relD embeddings [124] as node fea-
tures, and their relative distances as edge features. Note that the nodes represent players
and their temporal connections form tracklets. We utilize the MPN framework [1, 30] to
propagate player features across consecutive frames, and update the node and edge em-
beddings at each message passing step. The association between two consecutive frames
fiand f7 st j > i, is framed as a bipartite graph matching problem, using a binary clas-
sifier with a sigmoid final layer to output association probabilities. During inference, we
post-process each graph by pruning low-confidence associations and resolving many-to-one
violations. Finally, we assign unique IDs to nodes where a node either inherits an 1D from
its prior connection or receives a new ID otherwise (Fig. 6.3).

6.2.2 Graph formulation

We formulate MOT as a bipartite graph matching problem and deterministically create
one graph per frame from the given sequence. Each node in this graph points to one
player in that frame and the edges correspond to their relationships with neighboring
nodes (players) in other frames. Let us consider the undirected graph G, = (V;, E;) with
bidirectional connections, where V; denotes the vertex set and E; denotes the edge set at
time t. NodeFeatures(.) represents the concatenation of appearance features and homo-
graphic projections of players at time ¢, and E; = (V; x V;) represents a one-one mapping
between vertex sets v; and v; s.t ¢ # j, meaning associations do not occur between players
within the same frame.

Node formulation

Each node v; € V; represents one unique player i and contains: frame ID f? € R! (times-
tamp), player ID ti¢ € R! (ground truth, only used for training), bounding box coor-
dinates ' = {Zymin, Ymin, width, height} € R?* relD appearance features de € R%2 and
homographic projection coordinates p; = {:v;, y;} € R2.
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The relD features are generated for each node i via an off-the-shelf reID network [124]
fine-tuned on ice hockey, described by:

7% = 1eID(b" |erop) (6.1)

where (0% |.0p) denotes the cropped bounding box for the it player. For homography, the
left footpoint x; = (z; + “9™) and the right footpoint y; = (y; + height,) for player i are
projected onto the overhead rink template as:

pi = H;i(z, ) (6.2)

with H; being the 3 x 3 homography matrix (Eq. 5.1).

Edge Formulation

Each edge e;; € E; is represented as the interconnection between two players from two dis-
tinct frames. It is encoded as the concatenation of relative appearance Ar}? and positional
Ap;; features between the pair of nodes v; and v;, where e;; = v; X vj,¢ # j. This can be
represented as:

Arf;l = [||ri — rj.dﬂl, cosine_similarity(ri, rjd)] (6.3)

Api; = [llpi — psllvs |pi — pjll2] (6.4)

-] denotes the concatenation of Euclidean distance and cosine similarity for Ar and
Euclidean and Manhattan distance for Ap;;, respectively. This consideration is inspired
from the MC-MOT framework [60] to obtain high-dimensional distinctive features.

6.2.3 Temporal graph association

To facilitate the association of players across consecutive frames, we design a simple tem-
poral graph network to correlate player features. We iteratively correlate the learned graph
GT | at time t — 1 with the adjacent graph G at time ¢ to form a new graph G7. Assuming
this as the n'" iteration, each node v;_; € GI | contains aggregated embeddings from n — 1
iterations and is connected with the new nodes v; € G} to form the new temporal graph
GT at time t (Algorithm 1). The edge set thus created can be denoted as:
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Figure 6.3: Proposed tracking architecture. (a) The general pipeline of our spatio-temporal
graph. We estimate the bounding boxes (detection), relD features, and homographic pro-
jections, and pass them as input embeddings to our graph tracker. (b) A macroscopic
illustration of the graph network G, denoting the three stages of graph initialization, MPN,
and classification. (c) A macroscopic illustration of the post-processing stages (PP), where
we prune, solve graph violations, and assign player IDs.
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1,1f V; X vjV v; € thl,'l}j € Gt
€t—1,t = .
0, otherwise

This aggregation of uniterated graphs with learned graphs helps propagate learned
features and assign consistent identities for the same player (Fig. 6.3).

Algorithm 1 Model Inference
1: Given ground truth y,,, players P, € G 1 © Gy, 1 =0 & w = 2;
2: fort=0to (T'—1) do
3: Initialize h), ,hg and ho for G,_1 ® G,
if 7 > 0 then
Replace G;_; with Glearned

end if

T RO R = fFE(RO RO )

(2 vj (e vj

8: hO _fFE( e”)

€ij

9: while (I > L) do

hy s by he = MPN(Gyy @ Gy, byt byt

U7’U7

yezj = fCZS( 611)

10: end while

11:  Goed = Post-Processing(Gy—1 @ Gi, 91 )
12: it
13: end for

6.2.4 Message passing network

We adopt the message passing network MPN framework introduced by Gilmer et al. [30], to
propagate the node and edge information across the graph G. Message passing intuitively
helps the graphs learn their neighboring features; each edge learns about the projection
and appearance feature of its neighboring nodes and each node learns about the geometric
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features of its neighboring edges. To begin with, we initialize the node embeddings and
edge embeddings as:

hy) = £85I p)) (6.5)
he) = fIE(Are Ape, ) (6.6)

Note that we add p and Ap to both the node and edge features respectively to propagate
player positional information throughout the graph. Given these initial embeddings, we
perform L iterations of edge updates and node updates as two separate steps, as followed
by well-established methods [1,9, 16,60, 101].

Edge update

We utilize a learnable MLP to perform edge encoding for [ = {1,..., L} steps using the
source and destination nodes connected by the edge:

(v—e) A = fME(RY, R R (6.7)

) %4

where, fM¥ is the edge encoder. This leads to the sharing of appearance and projection

embeddings from the neighboring nodes h,, and h,; to its connecting edge h,,, .

Node update

Similar to Eq. 6.7, we utilize another learnable MLP to perform node update for | =

{1,..., L} steps, using the aggregated messages coming from its neighboring nodes:
(0 — ME 13 (1=1) 7 ()
(e — U) hUi - Z f’U ([h’vj 7h€ij]) (68)
JEN (vi)

where, fME is the node encoder and N'(v;) denotes the neighboring nodes of v;. Note that
fME and fME are two separate networks with different dimensions, but share the same
MLP architecture (Table 6.1).

In both the above updates, the MLP encodes all the information into a higher-dimensional
feature space. The message passing step L is akin to the receptive field found in CNNs,
and a higher value of L corresponds to farther propagation of information in the graph,
but at the cost of computational complexity (Section 6.5.2).
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Layer Num. ‘ Type ‘ Output Size

Feature Encoders

Nodes (N™)

0 Input 515 — 128
FC + GELU 4 — 32
Edges (V")

0 Input 4—8
FC + GELU 8—=6

Message Passing Network
Node Update (NME)

0 Input 38 — 64

FC + GELU 64 — 32
Edge Update (VMF)
0 Input 70 — 32
) FC + GELU 32 6
Classifier (N qss)
0 FC + GELU 6—4
1 FC + Sigmoid 4—1

Table 6.1: Featuring encoder and MPN layer details.

Classification

We propose to learn the association between nodes as a link prediction task by framing
player tracking as a graph partition problem. That is, after L iterations, we perform binary
classification to predict the edge probabilities ., connecting nodes v; and v;, as:

geij = fds(hez‘j) (69)
where £ is a yet another learnable MLP with a sigmoid final layer to output probabilities.
During training, the binary ground truth labels .. and their corresponding predictions

Ye,; are compared to find the sigmoid focal loss [¢1]. During inference, the edges with low
confidence scores (weak connections) are removed.
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6.2.5 Post-processing

We adopt a post-processing step during inference to prune, resolve many-to-one violations,
and propagate IDs consistently in our learned graphs.

Pruning

This is the first step in refining the predicted edge confidence score g, by our classifier.
We define a confidence threshold hyperparameter &, where:

s ) ey e >
Pruned(g.,,) {O, othermise (6.10)
This helps eliminate low-confidence edges and retains only the most strongest correspon-
dences. For our experiments, we have used & = 0.9 as followed in ReST [1(] to retain
only the most strongest connections. Similar to ReST [16], we also remove many-to-one
edge violations, wherein, there can only exist at most one connection between two nodes
within the connected graphs. This ensures that we represent each player identity through a
unique connected component, since no two different players should share the same identity
within the same frame.

Assigning IDs

The final graph contains unique connected components where each component represents
a unique player tracklet. As we iterate temporally, we assign a new ID when there exists
no previous connected components for a node or propagate the same ID otherwise.

Same ID, if h,;, = h,;;Vj € Gy,1 € Gy

) (6.11)
New ID, otherwise.

ID(hvj) = {
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6.3 Implementation Details

This section contains details about datasets used, training scheme, evaluation metrics and
experimental results.

6.3.1 Datasets

We evaluate our approach using both HT'D-1 and HTD-2. For fair comparison, we retrained
the baseline HockeyMOT [101] model on HTD-1. To demonstrate generalizability, we
use the HTD-2 test set for cross-dataset validation without training on it, thus avoiding
data leakage. While both datasets are sourced from broadcast NHL games, they differ in
their challenging scenarios — featuring varying levels of occlusions, motion blur, and player
movements due to different teams’ gameplay styles.

6.3.2 Training details

As described in Section 5, we fine-tune the YOLOX [122] detector and OSNet [124] relD
network on both the hockey tracking datasets. Since the homography model [33] is already
pre-trained on ice hockey, we directly use it to infer player footpoint projection coordinates.
We concatenate the R°!? relD feature embeddings thus obtained, with the R?® homography
projections, and encode them into R*? node embeddings (Eq. 6.5) using the node feature
encoding MLP (Nf). Similarly, we encode the R* edge features into 6-D edge embeddings
(Eq. 6.6) using the edge feature encoding MLP (N*¢). We run the MPN for L = 6
iterations and pass the final graph output into our binary classifier for predicting edge
association probabilities.

During training, we utilize the ground truth player annotations and calculate the pre-
diction losses using focal loss [31].

L
Focal Loss = Z Z C(g);j, 1(ye,,)) (6.12)
l

eijEGt71UGt

where, Qéj is the edge prediction at iteration [ and 1(y.,,) is the ground truth indicator
function. This function is given by:

1, if v; =v;
1(Ye,;) = { ’ (6.13)

0, otherwise
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Algorithm 2 Model Training
1: Given g.t y.,;, players P, € Gi1 © Gy & w = 2;
2: fort=1to (T'—1) do
3: Initialize A? hoj and hgi], for Gi—1 @ G

v;? v

Vi’ " TUj

5 B0 =[PP

674‘7 elj

6: while [ < L do:

DL hE L BE = MPN(Gyy @ Gy B REY)
gei]’ - fClS<h’£;'j)

7 end while

8: graph_loss = sigmoid_focal_1055(Je,, , Ye,,)

9: graph_loss.backward() > Backpropagation
10: optimizer.step() > Update parameters
11: end for
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Method MOTA % 1| FP | | FN | | IDsw | | IDF1 1 %
SORT [7] 92.4 2403 | 5826 | 673 53.7
DeepSORT [111] 94.2 1881 | 4334 | 528 59.3
FairMOT [120] 91.9 1179 | 7568 | 768 61.5
Tracktor [5] 94.4 1706 | 4216 | 687 56.5
ByteTrack' [119] 298 80.7
Hockey MOT [101] 94.5 1653 | 4394 | 431 62.9
Hockey MOTT [101] 1056 71.8
MOTH (Ours) 95.4 1924 | 4323 | 453 71.3
MOTH (Ours) T 151 95.1

Table 6.2: Evaluation results on HTD-1." indicates ground truth annotations used for
evaluation. Best results are in red, second best results are underlined.

where, for every player match y.,, = 1 else 0. We use the Adam optimizer [12] without
weight decays to update our model parameters. The learning rate (LR) is initialized at
0.01, with a gradual warmup for the first 10 epochs and a cosine annealing schedule (min.
LR = 0.001) thereafter. We trained our model for 30 epochs with a batch size of 16 on

a single NVIDIA GeForce RTX 4090 GPU with 24 GB RAM, 2.5GHz clock speed, and
performed validation after every two training epochs.

6.4 Experimental Results

We prefer evaluations directly based on the ground truth annotations to obtain a true
picture of our tracking performance; but, to be consistent with the baseline, we also evaluate
on detection bounding boxes as followed in HockeyMOT [101] for a fair comparison. Note
that the baseline uses the Faster R-CNN [76] detector. Table 6.2 shows our experimental
results on HTD-1 compared to the existing methods benchmarked in Vats et al. [101]
and the HockeyMOT baseline. For ground truth evaluations (notated with t), our model
outperforms the baseline by roughly 10x(]) reduction in the IDsw score and a 32.45%
(1) increase in the IDF1 score, respectively. This signifies that our approach satisfies our
core objective of minimizing identity switches and maintaining identity-preserved tracklets.
We see similar trends with the detection-based results, where our model surpasses the
baseline by 13.35% (1) increase in IDF1, but negligibly decreases in the IDsw score. This
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NHL teams (clips) | No.of frames | FPS (Hz) | IDsw ({) | IDF1 (%) (1)
CAR vs. BOS 2606 60 3251 26.3
CAR vs. NYR 2137 60 2508 23.0
CGY vs. DAL 1330 60 1105 23.4
CHI vs. TOR 1618 30 1006 19.7

CNTRL vs. PAC 1671 30 724 17.9

PIT vs. SJ 1391 30 827 26.2
STL vs. SJ 2258 60 2165 27.7
HockeyMOT 13,011 11,707 24.6
CAR vs. BOS 2606 60 11 89.3
CAR vs. NYR 2137 60 7 93.1
CGY vs. DAL 1330 60 6 92.4
CHI vs. TOR 1618 30 6 90.9
CNTRL vs. PAC 1671 30 13 90.5
PIT vs. SJ 1391 30 7 97.4
STL vs. SJ 2258 60 7 96.3
MOTH (Ours) | 13,011 60 92.8

Table 6.3: Cross-dataset validation on HTD-2. The results demonstrate our tracker’s
generalization on in-the-wild datasets and zero-shot capabilities.
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is expected because of an additional post-processing step employed in the baseline for
detection-based inputs as discussed in section 4.3.2. The 95.4% MOT accuracy obtained
by our model is higher than all other compared methods, due to the ability of our detector
[122] in balancing the trade-off between FPs and FNs.

Table 6.3 shows the cross-validation results of our model on HTD-2. Our model achieves
92.8% IDF'1 score and just 60 IDsw, compared to the baseline. Two critical observations
can be made from this result: (i) our model generalizes well to in-the-wild ice hockey
sequences belonging to different games, (ii) our model’s performance is not affected by an
increase in frame sampling rate (both 60 and 30 Hz sampled frames present in HTD-2).

6.5 Ablation Studies

We present empirical results from experimenting with different network choices and our
reasoning behind the proposed model architecture. This includes: (i) effect of homography
inputs, (ii) effect of different message passing steps, L, (iii) video-wise quantitative results
on the 13-test set videos from HTD-1, (iv) t-SNE [99] visualization of four random clips
before and after graph association.

6.5.1 Effect of homography

Our method’s novelty lies in the inclusion of homography input cues to simulate a bird’s-
eye view of player positions to help with decluttering during occlusions. Table 6.4 shows
that only using appearance features underperforms by a noticeable margin in each test
sequence, while including homography cues improves IDF1 score and minimizes [Dsw.
This validates that additional player positional information from a view-invariant space,
especially for tracking in monocular PoV helps reduce identity switches and improves the
overall tracking performance.
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Test video # | Appearance | Homography | IDsw | | IDF1 1
v 31 94.8

1 v v 8 95.7
v 37 90.7

2 v v 27 94.1
v 19 93.5

3 v v 14 93.9
v 13 93.8

4 v v 4 98.2
v 53 89.2

5 v v 13 97.5
v 25 90.0

6 v v 12 94.0
v 28 87.9

7 v v 11 88.8
v 35 79.0

8 v v 2 97.9
v 16 92.8

9 v v 6 97.1
v 25 81.5

10 v v 23 90.8
v 25 94.1

11 v v 4 97.6
v 23 88.2

12 v v 16 92.9
v 11 94.9

13 v v 10 97.7

Table 6.4: Effect of including homography cues on IDsw and IDF1 scores. The results are
based on the 13 test videos from HTD-1. Best results are emboldened.
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6.5.2 Number of message passing steps, L

The number of message passing steps L is analogous to the receptive field of CNNs. Our
empirical results shows that the best value for L = 6 steps. L < 6 is inadequate to
propagate information across neighboring nodes and edges, leading to lesser capability
(as evident from the increase in IDsw 1), while L > 6 leads to a possible over-fitting
scenario on the training data due to redundant message passing. Thus, L should be
treated as a hyperparameter, which is best chosen through empirical observation for specific
applications.

# of message passing steps | IDsw | | IDF1 1
2 173 85.5
4 51 93.4
6 27 94.1
8 34 92.2
10 42 84.7
12 107 67.4
14 388 43.3

Table 6.5: Effect of message passing steps on IDsw and IDF1 scores. The tested sequence
was randomly sampled from HTD-1. Best results are marked in red.
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Figure 6.4: A comparison of the number of IDsw incurred vs. the number of message
passing steps, L
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6.5.3 Video-wise quantitative results

Table 6.6 presents a detailed summary of our test results on the 13 test videos in HTD-1.
Our model achieves SOTA results in each individual sequence.

Test Video # | No. of frames | [Dsw =| | IDF1 1 % | IDsw (}) | IDF1 (1) %
1 1,303 85 80.7 8 95.7
2 1,210 113 75.4 27 94.1
3 878 114 77.0 14 93.9
4 1,033 45 79.7 4 98.2
5! 1,071 154 54.9 13 97.5
6 1,441 &1 76.1 12 94.0
7 682 58 63.0 11 88.8
8 1,056 50 80.7 2 97.9
9 1,497 87 64.4 6 97.1
10 890 54 59.9 23 90.8
11 1,109 95 80.3 4 97.6
12 1,372 56 72.44 16 92.9
13 795 64 75.15 11 97.7
Overall 14,337 1056 71.98 151 95.1

Table 6.6: Sequence-wise results on HTD-1 test set. This table shows ground truth eval-
uation results for both the baseline and our methods. + denotes the HockeyMOT [101]
baseline.
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6.5.4 t-SNE visualization
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Figure 6.5: t-SNE [99] visualization for the graph association. (top-bottom) Before and
after the temporal graph association stage. Our model promotes further disentanglement
of the spatio-temporal features for better tracking ID assignments.

The t-SNE [99] visualization was performed on 4 randomly chosen sequences from
HTD-2 for 150 frames. It can be observed from Fig. 6.5 that similar features (players)
are clustered together while dissimilar features are pushed apart. This shows that our
model promotes disentanglement of the spatio-temporal features for better tracking ID
assignments.

6.6 Summary

In this chapter, we present a novel MOT approach for ice hockey, using message-passing
GNNs with homography cue inputs. Our model handles occlusions and out-of-FoV sce-
narios by creating multiple, identity-preserved player tracklets for consistent tracking. Ex-
perimental results show SOTA performance on HTD-1 and excellent generalization capa-
bilities on HTD-2. The model is capable of disentangling cluttered players in monocular
view, resulting in a simple and cost-effective tracking solution. Ablation studies show that
homography cues reduce identity switches significantly across all sequences. With this
work, we take a major step towards handling occlusions and achieving identity-preserved
tracklets.
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Chapter 7

Conclusion and Future Research

This dissertation introduces a novel approach for MOT in ice hockey, addressing the chal-
lenge of player identity switches during occlusions to ensure identity-preserved tracklets.
The following sections summarize this thesis’s contributions, suggest future research direc-
tions, and discuss the applicability and impact of this thesis.

7.1 Summary of Contributions
The contributions of this work are as follows:

e Introduction of open-source HTD-2 dataset. This thesis introduces hockey
tracking dataset - 2 (HTD-2) — an open-source multi-player tracking dataset for
ice hockey using broadcast NHL games. We justify its development, provide com-
prehensive metadata analysis, and detail the curation strategies. This dataset is
open-sourced at: https://github.com/harshap-ai/VIP-HTD.

e Public benchmark for ice hockey tracking. We present a reference public bench-
mark for MOT in ice hockey using six different tracking methods. It is comprehensive
with initial approaches using Kalman filters and Hungarian matching (SORT, OC-
SORT), advanced JDT techniques (Tracktor, ByteTrack), and contemporary meth-
ods leveraging graph-based (HockeyMOT) and transformer-based (Trackformer) ar-
chitectures. We present a detailed analysis on the merits and drawbacks of each
approach, and substantiate it with experimental results. This benchmark is intended
to serve as a reference standard for evaluating future tracking methods in ice hockey.
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e Novel tracking approach using homography. The core contribution of this
thesis is the novel tracking pipeline with YOLOX [122] for detection, OSNet [l24]
for relD, and a new graphical MPN designed specifically for ice hockey for tracking.
The novelty of our network lies in its ability to incorporate homography for player
positional representation inputs. This is aimed at minimizing player identity switches
during occlusions and overlaps, to consistently track players throughout an ice hockey
game. Aside from demonstrating better tracking performance, we also prove the
generalization and zero-shot learning capabilities of our model. Experimental results
on HTD-1 show that our approach outperforms the current SOTA baseline model by
10x reductions in the IDsw score and 32.45% increase in IDF1 score, respectively.
Generalization-wise, our approach achieves 92.8% in IDF1 and 60 in the IDsw score
on 7 test clips from HTD-2. This superior performance establishes our method as
the new state-of-the-art (SOTA) for MOT in ice hockey.

7.2 Future Research Directions

Tracking is the fundamental first step towards enabling a plethora of downstream tasks.
This work forms the foundation for future research in the following directions:

7.2.1 Unique player identification

Unique player identification involves consistently identifying a player throughout the given
sequence, irrespective of challenges like occlusion and duration of the sequence. Current
literature prefers recognizing players through their jersey numbers; but, this is often unre-
liable due to blurs, jitters, and frequent occlusions present in monocular broadcast view,
exacerbated by other challenges such as two players from opposite teams sharing the same
jersey number. An alternate approach can be stitching together multiple identity-preserved
tracklets belonging to the same player using a strong relD model conditioned on less ex-
plored features such as appearance, homography, handedness, etc. Our experiments with
relD in section 5 (Fig. 5.5) show that player features can be adequately disentangled by
choosing the right set of training instructions and loss functions.

7.2.2 Multi-view tracking

Monocular tracking, as seen throughout this work, presents several inherent challenges
due to only a single viewpoint being available to track, especially during occlusions when

68



only limited visual cues are available. Having more information/features helps — this was
validated by our superior results including homography cues into our tracking network.
Extending this further, incorporating >2 cameras (and viewpoints) will greatly augment
the tracker’s capacity to handle challenging situations and make better predictions. This
is especially relevant for team sports in general, and ice hockey in particular due to their
fast-paced and dynamic player movements.

7.2.3 Action recognition

Player action recognition is an important task to identify what each player does at any given
point during the game. Tracking provides the necessary temporal context and localization
to differentiate different actions like skating, shooting, or passing. With tracking data,
models can identify not only what action occurred but also where and when it took place.
This can be important for strategic analysis, such as recognizing the exact moment a player
initiates a specific move, or pinpointing where certain actions are more likely to happen. It
also helps distinguish between offensive plays, defensive formations, and transitions, which
are often indicative of specific actions, like a breakaway or a set play.

7.2.4 'Trajectory imputation

Trajectory imputation aims to predict missing trajectory coordinates to extrapolate off-
screen player behavior. It is extremely useful for counterfactual reasoning and use within
downstream models that require fully observable data. For ice hockey, this translates to
prediction of player trajectories outside the observable FoV and when they’re unlocalizable
due to obstructions. This also enables unique identification throughout the given sequence
and shift detection, with additional inputs. Furthermore, several key player statistics like
positions, velocity, acceleration, energy, etc. can be easily gauged by imputing trajectories
throughout the game.

7.3 Thesis Applicability

Tracking in general, is an ubiquitous computer vision task with major application areas
including autonomous vehicles, traffic analysis, security and surveillance, environmental
and wildlife monitoring, supply chain and logistics, augmented reality, virtual reality, smart
cities and urban planning. In sports, it’s useful for injury prevention, performance analysis,
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strategizing, and several downstream tasks including pose estimation, action recognition,
game analysis, relationship modeling, etc. Although this thesis focuses on ice hockey,
the developed tracking methodology can be extended to other team sports like football,
volleyball, and basketball with minimal modifications, provided player location coordinates
or homography data is available. The core tracking principles and algorithms remain
applicable across these sports. The proposed graphical MPN is generally adaptable beyond
sports tracking, with the flexibility to incorporate domain-specific features for different
applications.

7.4 Thesis Impact

This thesis advances the field of MOT in ice hockey through a novel graphical method
using standard broadcast footage, eliminating the need for specialized sensors or equip-
ments. This helps reduce setup and maintenance costs by simplifying the entire tracking
process, and saves several human hours currently spent on reviewing, annotating, and ob-
serving each minute of the game for insights and analysis. Our research presents the first
open-source MOT dataset (HTD-2) and a comprehensive benchmark for ice hockey, estab-
lishing a foundation to foster further research and development in hockey player tracking.
The proposed homography-based graph tracking approach enables MOT in monocular
(constrained) view with high consistencies, producing identity-preserved player tracklets
crucial for several downstream tasks.
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