2% CHALMERS

7ﬁ, ,_g% UNIVERSITY OF TECHNOLOGY

Transformer-Based Multi-Object Tracking
of Football Players Using Pseudo-Labeling

Adapting MOTRv2 with Pseudo-Labeling and Re-ldentification
for Football Tracking

Master’s thesis in Complex Adaptive Sytems

Anton Hedén, Anthon Odengard

Department of Electrical Engineering

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025
www.chalmers.se



www.chalmers.se




MASTER’S THESIS 2025

Transformer-Based Multi-Object Tracking of
Football Players Using Pseudo-Labeling

Adapting MOTRv2 with Pseudo-Labeling and Re-Identification for
Football Tracking

Anton Hedén, Anthon Odengard

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Electrical Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025



Transformer-Based Multi-Object Tracking of Football Players Using Pseudo-Labeling
Adapting MOTRv2 with Pseudo-Labeling and Re-Identification for Football Track-
ing

Anton Hedén, Anthon Odengard

© ANTON HEDEN, 2025.
© ANTHON ODENGARD, 2025.

Supervisors: Anders Sjoberg, Fraunhofer Chalmers Center and
Prof. Lennart Svensson, Chalmers Department of Electrical Engineering
Examiner: Prof. Tomas McKelvey, Chalmers Department of Electrical Engineering

Master’s Thesis 2025

Department of Electrical Engineering

Division of Signal Processing and Biomedical Engineering
Chalmers University of Technology

SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover image: An example tracking sequence demonstrating the performance of the
MOTRv2 model with Re-ID, trained on the Mix dataset.

Typeset in BKTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2025

v



Transformer-Based Multi-Object Tracking of Football Players Using Pseudo-Labeling
Adapting MOTRv2 with Pseudo-Labeling and Re-Identification for Football Track-
ing
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Abstract

This thesis investigates the problem of tracking football players in video sequences,
with a focus on adapting modern multi-object tracking (MOT) methods to the spe-
cific challenges of football environments. The work is part of a broader effort to
develop tools for analyzing football games using automated visual data. In this con-
text, we utilize MOTRv2, a transformer-based tracking model originally designed for
general-purpose MOT tasks, and apply it to the football domain, where challenges
such as frequent occlusions, tight formations, and rapid movement are prevalent.
To address the lack of annotated football-specific tracking data, we implement a
pseudo-labeling framework that allows the model to be trained on unlabelled domain
data in a semi-supervised fashion. This approach enables progressive refinement of
the model through multiple training cycles on domain-specific content. Our results
show that MOTRv2 can be adapted to the football setting and performs well in many
scenarios, particularly in open-play segments with clear player separation. However,
limitations remain, including decreased tracking stability in crowded scenes and
occasional ID-switches due to overlapping motion patterns.

Overall, this work demonstrates the potential of transformer-based trackers in sports
applications and highlights the benefits of self-supervised training when domain-
specific data is scarce. The findings offer insights for future improvements in auto-
mated sports tracking systems.

Keywords: Computer Vision, Multiple Object Tracking, Transformer, Football,
Pseudo-Labeling, Re-1D
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1

Introduction

Multi-object tracking (MOT) is a task in computer vision that involves detecting and
following multiple objects across video frames while preserving their identities [7]. It
plays a crucial role in autonomous driving, surveillance, and sports analytics. MOT
enables tracking players, referees, and the ball in football, offering insights into
match dynamics and supporting performance analysis. Such data is also essential
for applications like virtual reality simulations and tactical analysis in football [8-13].

Deep learning approaches integrating object detection with tracking [14, 15] have
largely superseded earlier MOT techniques. Convolutional neural network (CNN)-
based models are commonly employed for object detection, while separate tracking
algorithms associate detections over time to maintain object identities. However,
these approaches still face difficulties in dynamic scenes such as football matches,
where frequent occlusions and motion complexity lead to ID switches and missed
detections [15].

To improve tracking under such conditions, recent methods have started incorpo-
rating temporal information [15-17]. These approaches show progress. However,
they often struggle with long-term identity preservation and fail to reliably handle
persistent occlusions or complex movement.

Current Deep Learning techniques in MOT can generally be divided into two cate-
gories: Tracking by Detection (TBD) and Tracking by Query (TBQ). TBD methods
detect objects in each frame and then associate them over time. Techniques like
SORT [18], BoT-SORT [19], and DeepSORT [20] enhance this process by using a
model-based approach like Kalman filtering and appearance-based features. Despite
these improvements, TBD methods are sensitive to occlusions and temporary object
disappearance.

In contrast, TBQ, particularly using transformer-based models, offers a more inte-
grated approach by leveraging attention mechanisms to propagate object identities
across frames. Models such as MOTR [21] and TrackFormer [22] have shown promise
in addressing occlusions and reducing ID switches in complex scenes.

This project investigates the application of such attention-based models to the foot-
ball domain, where challenges like crowded scenes, varying object scales, and long-
term tracking are especially prominent. Specifically, we aim to determine whether
transformer architectures can effectively combine spatial features with temporal con-
text to improve tracking stability and identity consistency.
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In addition, we explore the use of pseudo-labeling (PL) and re-identification (Re-ID)
techniques. PL enables semi-supervised learning by generating and refining anno-
tations on domain-specific, unlabeled data. Re-ID methods help maintain identity
consistency during prolonged occlusions or complex movement.

Through this work, we aim to assess the effectiveness of these methods for football-
specific MOT and contribute to building more accurate, stable, and identity-aware
tracking systems.

1.1 Aim and Scope

This thesis aims to develop and evaluate an MOT system tailored to football matches
that are recorded with stationary cameras. The primary goal is to achieve robust,
long-term identity preservation of players across full-length games despite challenges
such as occlusions, scale variation, and fast-paced movement.

Our work focuses on enhancing transformer-based tracking architectures by lever-
aging their strengths in modeling spatio-temporal dependencies. In particular, we
explore how these models can be adapted to the football domain and how temporal
context can improve tracking accuracy.

To address the scarcity of annotated football data, we investigate using PL as a
semi-supervised learning strategy to generate additional training supervision. We
also examine integrating Re-ID mechanisms to reduce identity switches further and
improve tracking consistency.

While this research is grounded in football analytics, the approaches developed may
apply to other domains that require long-term, identity-aware tracking in structured
environments.

1.2 Limitations

This study is confined to an offline tracking framework. Real-time performance
is not a constraint, and computationally intensive models are acceptable if they
improve identity consistency and tracking robustness.

All experiments, tests, and evaluations were conducted using stationary-camera
footage from IFK Goteborg’s internal recordings. This fixed-camera setup avoids
complications arising from camera motion but introduces challenges related to the
large field of view (FoV), causing distant objects to be represented with fewer pixels.

By clearly defining these boundaries, we narrow the project’s focus to identity-aware
object tracking under static camera conditions within sports analytics.
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Background

This section will introduce the fundamental concepts, challenges, and methodologies
relevant to MOT in the football context. Starting by defining MOT and reviewing
both traditional and modern tracking approaches, highlighting the limitations of
TBD methods compared to the more recent TB(Q paradigm. We then discuss the
contribution of auxiliary techniques, such as PL and Re-ID. Additionally, we outline
the standard evaluation metrics used in the field, including HOTA, MOTA, IDF1,
and IDSW. Together, these foundations establish the necessary background for un-
derstanding how advanced deep learning methods can be applied and adapted to
the specific demands of football analytics.

2.1 Datasets

Practical training and evaluation of MOT models depend heavily on the availability
of diverse and well-annotated datasets. In the context of football analytics, datasets
fulfill a dual purpose: they provide essential ground truth for supervised learning
and model benchmarking. Crucially, they also must accurately represent the specific
real-world conditions where the models are intended to operate to ensure robust
performance on the task.

This section presents the datasets used in this work, highlighting their structure,
content, and relevance to the tracking task. We include both large-scale public
benchmark datasets, such as SoccerNet [23,24], and real-world data recorded by IFK
Goteborg using Spiideo systems [25]. While benchmark datasets offer standardized
evaluation protocols and rich annotations, proprietary datasets more accurately rep-
resent the operational settings in which football tracking systems are deployed, but
often without labels.

Together, these datasets support the development of a reliable tracking algorithm
and the study of domain-specific challenges, which will be addressed in subsequent
sections.

2.1.1 SoccerNet: A Large-Scale Benchmark Dataset

SoccerNet [1] is a comprehensive platform providing benchmark datasets designed to
support research in video understanding and analytics within the football domain.
It includes hundreds of professional football matches, offering video footage, event

3
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annotations, player tracking, and camera calibration data. The dataset is struc-
tured to facilitate multiple tasks such as action spotting, pose estimation, temporal
grounding, and multi-view tracking.

SoccerNet includes a tracking dataset of one hundred 30-second clips recorded at
25 frames per second, totaling 75,000 frames. Each frame contains bounding box
annotations with object identities for players, referees, staff, and the ball. The clips
are filmed from a broadcasting camera perspective, and the annotations maintain
consistent identities across frames, enabling reliable identity-preserving tracking.

Its standardized splits and evaluation metrics make it popular for benchmarking
MOT and action recognition models in football contexts. However, the SoccerNet
tracking datasets consist of broadcast footage involving dynamic camera operations
such as panning and zooming. Unlike stationary camera setups, these varying per-
spectives introduce unique challenges, such as scale changes, motion blur, and shift-
ing backgrounds, which may affect the performance of tracking systems not explicitly
designed for such dynamic conditions [26].

2.1.2 IFK Goteborg Dataset

In addition to standard benchmark datasets, our research incorporates a unique pro-
prietary video dataset from the Swedish football club IFK Goéteborg. This footage,
captured using the professional sports video analysis system Spiideo [25], offers high-
resolution panoramic views of an entire football pitch.

The recording setup utilizes two synchronized 4K cameras mounted on a gantry,
with their feeds seamlessly stitched to create a complete field view. For this project,
we focused on half of the pitch, similar to the view shown in Figure 2.1a, due to an
image size limitation of 1920x1080 pixels during video access.

This dataset comprises actual footage from elite football matches and training ses-
sions, accurately representing the real-world conditions in which professional football
clubs use video analytics tools. Unlike typical broadcast footage, which often fea-
tures dynamic camera movements and may not capture the whole field, Spiideo
recordings provide a fixed, tactical view with consistent framing.

While this dataset offers valuable insights into real-world deployment, it lacks man-
ual annotations for player positions or identities. This absence presents challenges
for traditional supervised learning methods. However, its primary utility lies in un-
supervised or weakly-supervised learning, domain adaptation, and rigorously testing
tracking algorithms under authentic deployment conditions.

4
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(a) Example from IFK Géteborg club data (b) Example from SoccerNet

Figure 2.1: Example frames from the two datasets utilized in this study. (a) A
frame from the self-recorded match between IFK Go&teborg and Kalmar FF was
captured using the Spiideo system. (b) A representative frame from the publicly
available SoccerNet [1] dataset.

2.2 Attention Mechanisms in Transformer Archi-
tectures

The transformer architecture has revolutionized many fields in machine learning,
particularly in natural language processing [27], and has also shown promising results
in computer vision [28-31]. Unlike traditional convolutional or recurrent operations,
transformers use attention mechanisms to dynamically weigh different parts of the
input, enabling flexible and global context modeling.

At the heart of this architecture lies the attention mechanism, which computes
a weighted sum of value vectors based on the similarity between queries and keys.
Given an input sequence X = [z, 9, ..., x,], with 7; € R?, we define:

Q=XWy, K=XWg, V=XW, (2.1)

where Wy, Wi, Wy are learned projections. Attention is then computed as:

Attention(Q, K, V') = softma (QKT> V. (2.2)
K V) = X i .
Vi

2.2.1 Self-Attention

In self-attention, all three components- queries, keys, and values- are derived from
the same input sequence X. That is show in equation 2.1.

This enables each element in the sequence to attend to all others, capturing contex-
tual dependencies. In vision transformers, the input image is divided into patches
and embedded into a sequence. Self-attention among these patch embeddings al-
lows the model to reason globally about spatial relationships, such as object part
interactions and large-scale structures. Since this operation is invariant to position,
positional encodings are added to preserve spatial layout [32].
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2.2.2 Cross-Attention

Cross-attention generalizes attention to operate between two different sequences.
Queries come from one input X, while keys and values are derived from another
input Y:

Q=XWy, K=YWg, V=YWy. (2.3)

This mechanism enables one set of inputs to selectively attend to another, allowing
for alignment and integration of heterogeneous information. In vision applications,
cross-attention often enables object queries to attend to spatial feature maps ex-
tracted by a CNN backbone, as in DETR [28]. This interaction drives the detection
process by associating queries with relevant visual evidence.

2.2.3 Multi-Head Attention

Multi-head attention enables the model to capture diverse types of relationships
by computing multiple attention functions in parallel. For each head i = 1,..., h,
the queries, keys, and values are projected into different subspaces:

Qi=XWY, K,=xWQ, Vi=xwy, (2.4)

where each W is unique to the i head and d, = d/h. Each head performs its
own attention computation

head; = Attention(Q;, K;, V), (2.5)
and the outputs are concatenated and linearly transformed:

MultiHead (@, K, V) = Concat(head,, ..., head,)Wo. (2.6)

Multi-head attention improves the model’s expressiveness by allowing each head
to focus on different relationships, such as local vs. global patterns. In vision
applications, this will enable models to capture texture, shape, and motion cues
across image patches or video frames [22, 33].

2.3 Object Detection

Object detection identifies and localizes semantic entities within an image, such
as people, balls, or vehicles. In contrast to image classification, which assigns a
single label to an entire image, object detection predicts each instance’s class and
spatial coordinates, typically represented as bounding boxes [34,35]. Figure 2.2
illustrates an example frame with detected objects, showing how bounding boxes
and confidence scores are assigned to multiple entities.

At its core, object detection comprises two key components: classification (determin-
ing the object category) and localization (estimating spatial position). These tasks
are commonly learned jointly through deep neural networks trained on annotated
datasets [36].

6



2. Background

Modern detection pipelines leverage convolutional or transformer-based architec-
tures to extract high-level spatial features from images. These features are pro-
cessed to generate object proposals, each associated with a class label and confi-
dence score [34,35]. Such detections serve as the foundation for downstream tasks
like MOT [14, 22, 30].

The following subsections describe two dominant paradigms in contemporary object
detection: convolution-based and transformer-based approaches.

Figure 2.2: Visualization of object detections showing predicted bounding boxes
and their associated confidence scores on a sample frame. The confidence score
reflects the model’s certainty in the presence and classification of each detected
object.

2.3.1 Convolution-based Object Detection

Convolutional neural networks (CNNs) have long been central to object detection
and play a key role in modern systems. CNN-based detectors typically fall into two
main categories: one-stage detectors [34], which emphasize speed, and two-stage
detectors [35], which often prioritize accuracy by decoupling proposal generation
from classification. These models remain foundational for many real-time and high-
accuracy detection pipelines.

This section describes two representative families of CNN-based detectors: YOLO
(You Only Look Once), which exemplifies the one-stage paradigm, and Faster R-
CNN, a two-stage detector.
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2.3.1.1 YOLO: You Only Look Once

YOLO [34] is a family of real-time object detection models that reformulate detection
as a single-stage regression problem. Unlike traditional two-stage approaches, which
generate and classify region proposals, YOLO simultaneously performs object local-
ization and classification in a single forward pass. This unified architecture enables
high-speed inference while maintaining competitive accuracy, making it well-suited
for time-sensitive applications like real-time tracking in video streams.

Rather than relying on computationally expensive region proposal networks, YOLO
directly predicts bounding boxes and class probabilities from the entire image, lever-
aging a fully convolutional backbone network. This streamlined pipeline allows for
highly efficient object detection with low latency.

A core advantage of YOLO is its ability to balance speed and accuracy [37], which is
critical for downstream tasks such as MOT [38]. Its design ensures frame-by-frame
detections can be generated in real time, even on modest hardware, enabling its
widespread use in domains such as autonomous driving, surveillance, and sports
analytics.

2.3.1.2 Faster R-CNN

Fast R-CNN [35] is a region-based object detection model that improves the speed
and accuracy of its predecessor, R-CNN, by sharing computation across region pro-
posals. Unlike R-CNN, which processes each region independently, Fast R-CNN
computes a convolutional feature map over the entire image just once and then
classifies regions of interest (Rols) using features pooled from this shared map.

At its core, Fast R-CNN uses a convolutional backbone such as VGG16 [39] or
ResNet [40] to extract spatial features from the input image. Region proposals,
typically generated by an external method like Selective Search, are mapped onto
the feature map. A Rol pooling layer extracts a fixed-size feature vector for each
region, which is then passed through fully connected layers to produce both softmax
class scores and bounding box refinements [35].

This design enables efficient end-to-end training via a multi-task loss that combines
classification and localization. Since the feature extraction is shared, Fast R-CNN
achieves significantly faster inference than R-CNN while improving accuracy.

2.3.2 Transformer-based Object Detection

Transformer-based approaches have recently gained traction in computer vision
tasks, including object detection [28-30]. Unlike traditional CNN-based detectors
that rely heavily on hand-crafted heuristics such as anchor boxes and non-maximum
suppression [41], transformer-based models adopt a set-based prediction framework
and leverage global self-attention mechanisms to reason about image-wide context.

This paradigm shift offers a unified and interpretable framework for object detection,

with the benefit of being inherently extensible to tasks such as instance segmentation
[31] and MOT [2,22]. In this section, we first describe DETR [28], which introduced
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the use of transformers in object detection, followed by Deformable DETR [29], a
more efficient variant that addresses some of DETR’s key limitations.

2.3.2.1 DETR: DEtection TRansformer

DETR [28] is a transformer-based object detection model that rethinks the tradi-
tional object detection pipeline by removing the need for hand-crafted components
such as anchor boxes and non-maximum suppression. Instead, DETR formulates
object detection as a set prediction problem, using a transformer architecture to
directly output a fixed number of object predictions in one pass.

At the heart of DETR [28] is a CNN backbone that extracts a 2D high-level spa-
tial feature map from the input image. This feature map is then flattened into a
sequence of feature vectors, which serves as the input to the transformer encoder.
The transformer encoder-decoder architecture then models relationships across the
entire image and performs detection via attention mechanisms. Transformers, ini-
tially developed for natural language processing tasks [27], have shown great promise
in vision tasks as well, where they enable models to capture long-range dependencies
and contextual information across an entire image [42,43]

The encoder processes the flattened feature map and applies self-attention [28],
allowing the model to globally reason about all spatial regions in the image, which
is especially important for capturing long-range dependencies and contextual cues.

The decoder introduces a set of learned object queries [28], each designed to attend
to different regions of the encoded image features. These queries interact with the
encoder output through cross-attention, where each query dynamically attends to
all positions in the encoded feature map to decide where and what object to predict.
This cross-attention mechanism is crucial: rather than scanning the image spatially
or using sliding windows or region proposals, each query explores the image in a
content-aware way, producing a single bounding box and class label prediction.

Because DETR predicts a fixed set of objects, the order of these predictions is not
inherently tied to the objects themselves, making the output permutation-invariant.
To handle this during training, DETR uses Hungarian matching [44] to find the
optimal one-to-one assignment between the predicted boxes and the ground truth
annotations. This set-based loss formulation avoids duplicate detections and elimi-
nates the need for post-processing steps like non-maximum suppression.

While DETR is highly accurate and conceptually elegant, it is computationally
intensive and relatively slow to converge during training. Nonetheless, it laid the
foundation for a new class of detection models,transformer-based architectures, that
can naturally extend to tasks like tracking by query [22], where temporal consistency
and object identity preservation are critical.
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Figure 2.3: Schematic simplified view of DETR

2.3.2.2 Deformable DETR

Deformable DETR [29] builds upon the original DETR architecture by addressing
its main limitations, namely, slow training convergence and difficulties in detect-
ing small objects. While DETR relies on full self-attention over all spatial positions,
this becomes computationally expensive and inefficient, especially for high-resolution
images. To mitigate this, Deformable DETR introduces multi-scale deformable at-
tention, which replaces the dense attention mechanism with a more efficient one.
Instead of attending to all spatial locations uniformly, each query only attends to a
small, learnable set of key sampling points across multiple feature scales. These sam-
pling offsets are dynamically predicted and focus the attention on the most relevant
regions of the image.

This sparsity reduces the computational cost and enhances the model’s ability to de-
tect small or occluded objects by aggregating contextual information from multiple
resolutions [29]. As a result, Deformable DETR achieves significantly faster conver-
gence and better detection accuracy, particularly for challenging object instances.

2.4 Tracking

Tracking refers to maintaining the identities and locations of objects as they move
through a video over time. In MOT, this involves linking individual object instances
across frames to form coherent trajectories, even as objects enter, exit, occlude each
other, or change appearance. Prominent examples of successful MOT algorithms

include SORT [14], DeepSORT [20], and ByteTrack [45].

The core challenge in MOT lies in accurately detecting objects in each frame and
reliably associating them over time, despite various ambiguities such as visual oc-
clusions or complex motion patterns [21,22].

2.4.1 Tracking paradigms

Similar to object detection, where models are often divided between two-stage
proposal-based methods and single-stage unified approaches, MOT has evolved
around two dominant paradigms: Tracking-By-Detection (TBD) and Tracking-By-
Query (TBQ). These paradigms reflect differing philosophies in how to model iden-
tity over time, whether by post-hoc association of per-frame detections [14,45] or
by learning persistent object representations that evolve across frames [2,22,46].
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2.4.1.1 Tracking-by-Detection

TBD is a foundational paradigm in MOT that formulates the problem as a two-
step process: detecting objects independently in each frame, then associating these
detections across time to form coherent trajectories. Though rooted historically
in computer vision, modern TBD approaches heavily rely on advances in object
detection, as demonstrated by methods like SORT [14] and ByteTrack [45].

Instead of explicitly modeling complex temporal dynamics, TBD methods recover
object identity retrospectively by evaluating spatial proximity, motion consistency,
and appearance similarity between detections in consecutive frames. This paradigm
emerged alongside deep learning detectors, allowing tracking systems to leverage
powerful, pre-trained models for object identification. Such modularity enables
tracking algorithms to benefit immediately from improvements in detection, largely
independent of the specific detector employed.

TBD assumes per-frame detections are accurate and consistent enough to support
reliable data association. To link detections, methods use cues like predicted dis-
placement, appearance features, and spatial consistency, assuming objects maintain
relatively stable visual characteristics and smooth motion over short intervals [20,45].
However, limiting associations primarily to adjacent frames hampers recovery from
prolonged occlusions or long-term disappearance.

While effective in controlled environments, TBD performance degrades under chal-
lenging conditions such as high object density, frequent occlusions, or abrupt motion,
typical in scenarios like professional football [15]. Here, independent frame-level
detections can cause identity switches, fragmented trajectories, or missed tracks.
Nonetheless, the TBD paradigm remains influential.

2.4.1.2 Tracking-by-Query

TBQ is a modern paradigm for MOT that redefines identity preservation across video
frames. Unlike traditional approaches that rely on motion modeling or post-hoc data
association, TBQ represents each tracked object as a learnable query vector that is
propagated across time, enabling consistent tracking through motion, occlusion, and
appearance changes.

TBQ builds on the Transformer architecture, originally developed for sequence mod-
eling [27], and leverages its ability to encode rich temporal dependencies. Rather
than processing frames independently, TBQ frameworks operate holistically over se-
quences, using persistent object queries and frame-level features to maintain identity
continuity [2,21,22].

A core advantage of TBQ lies in its unification of detection and tracking within a
single architecture. Inspired by set-based detection models like DETR [28] and De-
formable DETR [29], TBQ interprets object tracking as a set prediction task. Object
queries are dynamically updated using learned visual and contextual cues, eliminat-
ing the need for separate detection and association steps. This integration improves
robustness in scenes with occlusions, motion blur, or visually similar objects.
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Its end-to-end trainable structure allows object queries to learn temporal consistency
and spatial attention jointly. These capabilities make TBQ particularly well-suited
to dynamic environments like football, where reliable identity tracking and contex-
tual reasoning are critical.

2.4.2 BoT-SORT

BoT-SORT [19] is a MOT-by-detection algorithm that builds upon the ByteTrack
framework, introducing a series of enhancements designed to improve robustness
and accuracy in complex tracking scenarios. One of its key contributions is the in-
tegration of camera motion compensation. By estimating and correcting for camera
movement, BoT-SORT reduces errors in motion prediction that can lead to identity
switches, particularly in dynamic scenes.

Another modification lies in the use of a refined Kalman filter. Unlike traditional ap-
proaches that estimate object size based on aspect ratio, BoT-SORT independently
tracks bounding box width and height. This adjustment allows for more accurate
object localization, mainly when scale variations occur due to perspective changes.

BoT-SORT combines spatial overlap using Intersection over Union (IoU) with ap-
pearance information derived from deep Re-ID features for data association. This
fusion enables more reliable matching between detections and existing tracks, while
a dual-thresholding strategy ensures that only strong associations are maintained,
reducing false matches.

2.4.3 Transformer-Based Tracking with MOTRv2

MOTRv2 is a state-of-the-art end-to-end MOT framework that addresses challenges
such as detection accuracy, identity consistency, and occlusion handling by building
upon and extending the original MOTR, architecture [2,21]. The design is rooted
in the Deformable DETR [29] transformer framework and introduces significant
modifications that improve performance over traditional TBD methods and earlier
end-to-end approaches.

In MOTR, object and track queries are used jointly to enable end-to-end MOT.
Object queries are responsible for detecting new or previously untracked objects in
each frame and are assigned to ground-truth instances using bipartite (Hungarian)
matching. In contrast, track queries are persistent and maintain object identities
across frames by propagating information from previous time steps, without being
re-matched at every frame. These track queries are dynamically updated using their
historical states and features extracted from the current frame. MOTR incorporates
a temporal aggregation module to improve temporal consistency, fusing past and
present information for each track query. During training, losses are computed at
each time step and averaged over the sequence, encouraging stable learning and
consistent identity tracking.

One of the main limitations of MOTR is its relatively weak detection performance
compared to tracking-by-detection approaches that utilize powerful, standalone ob-

12



2. Background

ject detectors. To overcome this, MOTRv2 integrates the YOLOX detector [47],
which provides high-quality detection proposals before the tracking module. This
decoupling of detection and association tasks allows the model to benefit from task-
specific detection priors while retaining the strengths of transformer-based tracking.

The overall architecture of MOTRv2 consists of two main stages: proposal genera-
tion and transformer-based tracking. In the first stage, YOLOX produces bounding
box proposals for each video frame. These proposals include center coordinates,
width, height, and confidence scores, and serve as object anchors. The tracking
component then processes these proposals using a modified transformer decoder,
which operates on a concatenation of track and proposal queries.

In MOTRv2, proposal queries are constructed from YOLOX detections by broad-
casting a shared learnable embedding across all proposals and enriching them with
sine-cosine positional encodings derived from the detection boxes and their confi-
dence scores. Unlike the fixed learnable queries used in Deformable DETR and
MOT, MOTRv2 combines these proposal-based queries with additional learnable
queries to enhance tracking performance. These proposal queries are dynamically
generated and work alongside the learnable queries to effectively model detection
and motion cues.

Only new objects are present at the first frame (¢ = 0). The proposal queries
are initialized from YOLOX outputs and processed using self-attention, followed by
deformable attention to interact with image features. This results in track query
predictions and bounding box offsets relative to the YOLOX proposals. The final
detection boxes are obtained by adding these offsets to the original anchors.

In subsequent frames (¢ > 0), the transformer decoder inputs the concatenated set
of track queries from the previous frame and new proposal queries generated from
the current YOLOX proposals. The anchors consist of the earlier frames predicted
boxes and the current YOLOX detections. Their sine-cosine encodings are used
to create the positional embeddings. The decoder then updates both the object
predictions and track queries. The updated track queries are carried forward to the
next frame, allowing consistent identity propagation.

This architecture encourages a functional separation between the two query types:
proposal queries detect new or missing instances, while track queries focus on main-
taining object identities. Proposal and track queries can exchange information
through self-attention mechanisms in the transformer decoder. This interaction
helps avoid duplicate detections and improves the localization of tracked objects.
Visual analysis of the self-attention maps confirms that the proposal and corre-
sponding track queries for the same object share high similarity, supporting the
effectiveness of this cooperative design.
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Figure 2.4: Simplified illustration of the MOTRv2 architecture, adapted from
original source [2]. Symbols: @& denotes addition; C denotes concatenation.

2.5 Challenges in Multi-Object Tracking

MOT in football and sports is a highly complex task involving detecting and asso-
ciating multiple objects across frames while maintaining consistent identities over
time [7,48]. Several inherent challenges arise in this domain due to the dynamic na-
ture of football, environmental factors, limitations in available data, and the strin-
gent performance requirements for real-world applications. As seen in Figure 2.5
(a—d), these challenges include small objects, crowded scenes, occlusions, and vary-
ing lighting conditions.

2.5.1 Occlusion and Crowded Scenes

One of the primary challenges in football MOT is the frequent occlusions, par-
ticularly in crowded scenes where players form dense groups [49,50] as shown in
Figure 2.5a and Figure 2.5c. Football involves intense physical contact and rapid
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transitions, leading to frequent occlusions during set pieces or fast breaks. Tracking
algorithms struggle to maintain consistent identities across frames when multiple ob-
jects overlap or become hidden behind one another. The complex player interactions
during such periods create highly ambiguous tracking conditions, further complicat-
ing long-term tracking and Re-ID tasks. In addition, low visibility, varying lighting
conditions (Figure 2.5d), and the small number of pixels per player (Figure 2.5b)
when they are far away further challenge the performance.

(b) Small objects

(c¢) Occlusions (d) Varying lighting conditions

Figure 2.5: Different hard scenarios from the IFK dataset

2.5.2 Appearance Variation

Football players’ appearances can vary significantly across frames due to several fac-
tors, including lighting conditions, motion blur, and pose changes. These variations
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can degrade the tracking system’s ability to maintain consistent identities across
frames [7,51]. For example, lighting changes caused by weather conditions or differ-
ent times of day can alter the visual characteristics of players. Additionally, motion
blur from high-speed movements can obscure key features, making visual matching
more difficult. Even when conditions are stable, players often wear nearly identical
uniforms and exhibit similar movements, making it especially challenging to distin-
guish between them based on appearance alone. This visual similarity significantly
complicates Re-ID, increasing the risk of identity switches in crowded or dynamic
scenes [4].

2.5.3 Lack of Annotations in Self-Filmed Data

In self-filmed datasets, such as those captured by Spiideo, the lack of annotated data
presents a significant challenge [50]. These datasets may include high-resolution
footage of the entire field but lack manual annotations such as player identities and
bounding boxes. Training fully supervised models becomes difficult without such
annotations, as the system lacks the necessary ground truth for training. This limi-
tation necessitates using alternative methods, such as PL, to overcome the absence
of labeled data.

2.5.4 Fast or Erratic Motion

The unpredictable nature of player movements in football, including rapid changes
in direction and speed, presents a significant challenge for tracking systems [7,51].
Traditional tracking methods often rely on assumptions of smooth motion and may
struggle to maintain consistent tracking when players exhibit erratic or sudden move-
ments. These unpredictable motions can lead to identity loss or incorrect track
reinitialization, as the tracking system may fail to anticipate sudden changes in
trajectory or velocity. Advanced tracking systems must incorporate motion models
that account for these fast and erratic movements to ensure continuous tracking.

2.5.5 Domain Shift and Transfer Learning in MOT

MOT models trained on general datasets like MOT17 [52] or SoccerNet [24] often
face performance degradation when applied to football due to domain shift—differences
in data distributions between training and deployment environments. Football-
specific challenges, such as unique camera angles, lighting variations, fast-paced mo-
tion, frequent occlusions, and visually similar players, are often not well-represented
in generic datasets.

These domain-specific factors complicate appearance-based tracking, including mo-
tion blur from rapid movements and identical uniforms. To address this, transfer
learning techniques adapt pre-trained models to the football domain, including:

e Fine-tuning on target domain data: The model, pre-trained on a general
dataset, is further refined using a smaller, domain-specific dataset, allowing it
to capture football-relevant features without re-training from scratch.
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o Domain adaptation: Adaptation is performed using unlabeled or partially
labeled target data, often through self-training, where high-confidence predic-
tions are used as pseudo-labels to iteratively align the model with domain-
specific characteristics.

o Data augmentation: Applying synthetic transformations, such as variations
in lighting, occlusions, and viewing angles, enhances the model’s robustness
to real-world football scenarios.

Applying these transfer learning strategies may help mitigate the adverse effects of
domain shift, potentially improving the robustness of MOT systems in real-world
football scenarios. Given the variability in match conditions, player characteristics,
and broadcast configurations, such adaptation is likely beneficial for developing more
accurate and reliable tracking solutions in sports analytics. In the following section,
we explore the practical impact of these techniques in more detail.

2.6 Pseudo-Labeling in Tracking

Pseudo-labeling (PL) is a core technique in semi-supervised learning (SSL) that
enables the use of unlabeled data by generating artificial labels based on model
predictions [53]. The core idea is to treat confident model predictions as supervisory
signals, allowing models to improve iteratively even when data is limited. PL is
especially valuable in domains where manual annotation is costly or scarce. The
following section outlines the foundations of PL, its key variants, and its relevance
to modern learning frameworks.

2.6.1 Semi-Supervised Learning

One of the most influential applications of PL is in the context of SSL. A founda-
tional approach introduced by Lee [54] treats PL as a fine-tuning stage following
supervised pretraining. In this framework, a model is initially trained on a small
labeled dataset. Then, pseudo-labels, generated by the model’s predictions, are
assigned to unlabeled data and incorporated into continued training. These pseudo-
labels reinforce confident predictions, and training proceeds by optimizing a joint
loss: a supervised loss on labeled data and an unsupervised loss on pseudo-labeled
samples, weighted by a time-dependent schedule.

Subsequent research has built on this core idea, addressing key challenges such
as selecting unlabeled samples, managing label noise, and preventing confirmation
bias. Sampling strategies vary from random selection to more structured approaches.
For instance, FixMatch [55] applies a confidence threshold to filter pseudo-labels.
Hybrid methods like MixMatch [56] combine augmentation, entropy minimization,
and mixup regularization to improve generalization and robustness.

More recent innovations, such as Meta Pseudo Label frame PL as an optimization
problem [3]. This method uses a teacher-student architecture where the teacher as-
signs pseudo-labels, and the teacher’s parameters are updated based on the student’s
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performance on labeled data. This dynamic feedback loop leads to more effective
pseudo-label generation over time.

PL data PL data

Pre-trained
Student's performance

On labeled data

Figure 2.6: Left: In traditional PL, a pre-trained teacher model produces fixed
pseudo labels, which are then used to train the student model. Right: The teacher
and student are updated jointly in the meta pseudo-labeling framework. The student
learns from the teacher’s pseudo labels, while the teacher adapts its predictions based
on the student’s performance on labeled data. Illustration inspired by [3]

2.6.2 Self-Supervised and Unsupervised Learning

Although PL is most commonly associated with semi-supervised learning, its under-
lying idea also appears in many unsupervised and self-supervised learning methods.
In particular, some self-supervised approaches use label-like signals, without relying
on actual ground-truth labels, to guide the learning process. For example, frame-
works like DINO [57] group similar data points together or enforce consistency across
different views of the same input. These methods effectively assign temporary labels
or categories to data and use them to train the model self-directedly.

This form of PL satisfies the key principle of assigning semantic structure to un-
labeled data despite its lack of correspondence to predefined classes. Models are
trained to pull together embeddings of augmented pairs and push apart representa-
tions of unrelated samples.

Virtual Adversarial Training (VAT ) [58] is another self-supervised consistency tech-
nique, which perturbs samples within a small neighborhood to enforce local smooth-
ness of model predictions. Like clustering-based methods, VAT produces pseudo-
labels implicitly by assuming that samples close in input space should receive the
same classification. These methods thus demonstrate how PL can extend beyond
classification tasks and into general-purpose representation learning.

2.6.3 Challenges related to Pseudo Labeling

Despite its broad applicability, PL presents several critical challenges. A primary
concern is confirmation bias, where incorrect predictions are reinforced over time,
degrading model performance [56].

PL also suffers from distribution mismatch, an implicit assumption that labeled and
unlabeled data share the same underlying distribution [59]. In practice, this often
leads to poor generalization when a domain shift is present.
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Selection strategies for pseudo-labels further influence model outcomes. Random
selection may introduce noise, while metric-based selection, such as using prediction
confidence or temporal consistency, aims to filter for higher-quality labels.

Finally, overfitting to noisy or biased pseudo-labels remains a persistent issue. Re-
cent work explores remedies such as confidence-aware losses [59], label debiasing,
and consistency regularization to increase robustness and generalization [60].

2.7 Re-Identification in Multi-Object Tracking

In the context of MOT, one of the significant challenges is maintaining consistent
object identities across time, especially in scenarios involving long sequences, occlu-
sions, and interactions between similar-looking objects [4,7,51]. Identity switches,
or ID switches, occur when a tracked object’s identity is mistakenly assigned to an-
other object, often due to appearance ambiguities, detection failures, or occlusions.
While modern trackers aim to minimize such occurrences, they remain persistent in
complex environments such as sports footage [15].

2.7.1 Feature-Based Tracklet Splitting and Clustering

Feature extraction is central to identifying inconsistencies within tracklets. Global
Tracklet Association (GTA) [4] employs OSNet [61] to compute discriminative ap-
pearance embeddings for each bounding box. GTA’s tracklet splitter uses these
embeddings to detect identity mixups within a single tracklet by clustering appear-
ance features using a modified DBSCAN algorithm.

Unlike the standard DBSCAN, GTA’s version reassigns initial outliers to the near-
est cluster, assuming that every detection contributes useful identity information.
Clustering is controlled via three hyperparameters: the minimum number of sam-
ples per cluster (s), the maximum neighbor distance (¢€) using cosine similarity, and
a maximum cluster count (k) to avoid over-fragmentation. This ensures that each
tracklet fragment maintains visual consistency, improving identity purity prior to
re-association.

2.7.2 Tracklet Re-Association via Connector Methods

Once tracklets are split, GTA applies a connector module to merge fragments likely
belonging to the same object. This begins by constructing a symmetric distance
matrix D; ; between all tracklet pairs:

7 ifi#]'/\l_[im]'[j#@
D=1 (o) |
S, o, ! WFLINED ) otherwise

N;N;
R mEHi TLEH]'

(2.7)

Here, II; and II; represent the temporal spans of tracklets T; and T}, while F’, and
FJ denote the feature vectors at frame m and n respectively. N; and N, are the

19



2. Background

number of frames in each tracklet. This matrix quantifies the dissimilarity between
two tracklets in feature space.

To exclude implausible pairings, spatial constraints are applied based on field ge-
ometry. The maximum allowed horizontal and vertical displacements are defined
as:

ehor = 5 : Amax,horv ever = ﬁ : Amaux,ver (28)

If the spatial offset between two tracklets exceeds these thresholds, their distance is
set to 1:

Dz’,j = 17 if Ai,j,hor > ehor Vv Ai,j,ver > ever (29)

Finally, hierarchical clustering is applied to the filtered distance matrix. Tracklets
are iteratively merged until no pair has a distance below a merging threshold a.. This
allows GTA to reconstruct long, consistent tracklets from fragmented sequences,
ensuring continuity even across occlusions or earlier ID switches.

2.7.3 Graph-Based Tracklet Association

An alternative clustering approach is the construction of a tracklet similarity graph,
where each node represents a tracklet and edges are weighted by feature similarity
and spatio-temporal distance. Spectral clustering [62] can be applied to this graph
to partition it into groups corresponding to individual identities. This method is
particularly advantageous in dense or interactive scenes, where the relationships
between tracklets are complex and non-linear. The graph structure also allows for
global reasoning about identity assignments, increasing robustness to tracking noise.

2.7.4 Feature Representation Techniques

The success of Re-ID largely depends on the quality of extracted features. CNN-
based models such as ResNet [36] are commonly used to encode visual appearance.
Additionally, autoencoder architectures [63] offer an unsupervised approach to learn
compact and informative embeddings, which can be helpful in settings with limited
annotations. These representations serve as the foundation for splitting inconsistent
tracklets and reconnecting visually and temporally similar ones.
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Figure 2.7: ID switching of the same player over time. Illustration inspired by [4].

2.8 Metrics

To properly evaluate the performance of MOT algorithms, it is essential first to
understand the basic concepts of classification outcomes. These outcomes are fun-
damental to calculating various metrics such as precision, recall, and accuracy.

2.8.1 Intersection over Union

Intersection over Union (IoU) is a metric that evaluates the overlap between a pre-
dicted bounding box and the ground truth bounding box, also called the Jaccard
index [64]. It is defined as the area of the intersection divided by the area of the
union of the two bounding boxes:

|Prediction N Ground Truth|

IoU =
© |Prediction U Ground Truth|

(2.10)

And also illustrated in Figure 2.8.

IoU ranges from 0 to 1, where 1 indicates perfect alignment between the predicted
and ground truth boxes, and 0 indicates no overlap.

Figure 2.8 illustrates this concept.

Ground truth Detection

Predicted Detection

(Intersection)

I . . I (Union)

Figure 2.8: Illustration of Intersection over Union (IoU). The blue box is the
prediction, the red box is the ground truth, and the shaded pink region represents
their intersection.

loU =
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2.8.2 Classification Metric

The performance of MOT systems can be evaluated based on four key detection/-
tracking outcomes derived from comparing the predicted object detections and the
ground truth objects. These outcomes include:

» True Positives (TP): Correctly identified and detected or tracked an object
shown in a green box in Figure 2.9.

 False Positives (FP) shown in the outlined red box in Figure 2.9: Incorrectly
detected objects that do not correspond to any ground truth object.

» False Negatives (FN): Ground truth objects that are not detected or tracked
are shown in a red overlay in Figure 2.9

o True Negatives (TN): Correctly identified non-objects (typically not in-
cluded in tracking scenarios).

Note that these outcomes are often interdependent. For example, increasing the
number of TP often leads to an increase in FP and a reduction in FN. Conversely,
trying to reduce the number of FP may also reduce the number of TP and increase
FN. Thus, it is a trade-off.

These detection/tracking outcomes form the basis for computing various perfor-
mance metrics, such as precision, recall, and tracking-specific measures like MOTA
and HOTA.

Figure 2.9: Visual example of True Positive (TP), False Positive (FP), and False
Negative (FN).

2.8.3 Identity Switches (IDSW)

The Identity Switches (IDSW) metric measures the number of times a tracker incor-
rectly changes the identity assignment of a target over time [5]. An identity switch
occurs when a ground truth object matched to a particular tracker hypothesis in
frame t — 1 is matched to a different tracker hypothesis in frame ¢.

This concept is illustrated in Figure 2.10. Here, the ground truth target is first
matched to the red tracker trajectory, but starting from frame 4, the assignment
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changes to the blue trajectory—this is counted as one ID switch.

Formally, the IDSW metric is counted as follows:
e A ground-truth trajectory ¢ is matched to tracker ID h; in frame ¢ — 1, and
o In frame ¢, the same trajectory g is matched to a different tracker ID hy # h;.

These switches degrade the quality of long-term identity consistency, which is es-
sential in applications such as sports analytics.

GT Pred TP FP FN Tracked
—_ == e @ 0 [}

Frame IDSW
1 2 3 4 5

Figure 2.10: Illustration of identity switches (IDSW) inspired by [5].

2.8.4 Precision, Recall, and F1 Score

Tracking precision and recall evaluate the performance of object detection over time.
Precision measures how accurately the predicted tracks match the ground truth,
while recall measures how many ground truth tracks are correctly identified by the
tracker. These metrics are critical for understanding the trade-off between missing
objects (false negatives) and producing false detections (false positives).

The formulas are:

TP
Precision = ——— 2.11
recision = Z (2.11)
TP
Recall = —— 2.12
T TP EN (2.12)

To capture both aspects in a single score, the F1 score is used, which is the harmonic
mean of precision and recall:

2 x Precision x Recall
F1 = 2.1
Seore Precision + Recall (2.13)

A high F1 score indicates that the tracker correctly identifies objects and mini-
mizes errors. These metrics provide a more nuanced evaluation than raw accuracy,
especially in scenarios with class imbalance or variable object visibility.
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2.8.5 Multiple Object Tracking Accuracy (MOTA)

MOTA (Multiple Object Tracking Accuracy) is a widely used metric to evaluate
the performance of an MOT system. It combines multiple aspects of tracking per-
formance, accounting for false positives, false negatives, and identity switches. The
formula for MOTA is given by:

FP + FN + IDSW
MOTA =1 — 2.14
oT (2.14)
where GT is the number of ground truth objects. A higher MOTA score indicates

better tracking performance, reflecting fewer tracking errors.

While comprehensive, MOTA has a known limitation: it tends to be heavily influ-
enced by the performance of the underlying object detector. Although all three error
types are weighted equally on a per-occurrence basis in the formula, the cumulative
number of false positives and false negatives across many frames often far exceeds
the number of identity switches. This means a tracker can achieve a relatively high
MOTA even with frequent identity switches if its object detection is very robust.
Consequently, MOTA is often complemented with other metrics, such as IDF1 or
HOTA, to gain a more complete understanding of tracking system performance.

2.8.6 Identification F1 Score (IDF1)

The Identification F1 Score (IDF1) evaluates how well a tracking system maintains
objects’ correct identities over time. It is the harmonic mean of identification pre-
cision and recall, where matches are based on identity consistency rather than just
spatial overlap.

The formula for IDF1 is:

2 x IDTP
IDF1 = 2.1
2 x IDTP + IDFP + IDFN (2.15)

where:
o IDTP: true positive identity matches (correct ID assignments),
o IDFP: false positive identity assignments (incorrect IDs),
o IDFN: missed identity matches (missed tracks).

IDF1 is especially useful for assessing identity preservation in MOT. A high IDF1
indicates that the system not only detects objects but also maintains their identities
accurately over time.

2.8.7 Higher Order Tracking Accuracy (HOTA)

Higher Order Tracking Accuracy (HOTA) is a modern metric designed to provide a
balanced evaluation of multiple object tracking performance [6]. Unlike traditional
metrics focusing heavily on either detection or identity association, HOTA jointly
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measures both aspects. Specifically, it computes the geometric mean of detection ac-
curacy (DetA) and association accuracy (AssA), reflecting how well a tracker detects
objects and maintains their identities over time [6]. HOTA also uses an additional
parameter « as a threshold for the amount of IoU needed for being classified as a
TP, and calculates the mean of the results with different a.

Detection Accuracy (DetA) Detection Accuracy quantifies how well a tracker
detects objects in each frame [6]. It is calculated as the Jaccard index over TP, FN,
and FP at a given IoU threshold a:

TP,

DetA,, = 2.16
¢ ITP.| + |FN.| + [FP,| (2.16)

This score reflects the tracker’s ability to correctly detect objects without introducing
extra or missing detections.

Association Accuracy (AssA) Association Accuracy evaluates how well the
tracker maintains object identities over time [6]. For each matched detection ¢ (a
true positive), the alignment of its predicted and ground-truth trajectories is scored
using a Jaccard index over TP associations (TPA), FN associations (FNA), and FP
associations (FPA). This is visualized in Figure 2.11.

GT Pred TP FP FN Tracked
— I e @ o (_J

O"'
"
(0)
o——o—— °*
of
TP of interest  FPA(c) TPA(c) FNA(c)

()

Figure 2.11: Ilustration of TPA, FNA, and FPA for a matched detection c¢. In-
spired by [6].

1 ITPA(c)|

AssA, = ——
|TP,| Cg;aa |ITPA(c)| + |[FNA(c)| + |[FPA(c)]

(2.17)

The HOTA score is defined as:

l

1 1 19
HOTA:/ HOTA, da ~ -5 3 HOTAq, o =005k k=1,....19.
0 k=1
(2.18)
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Where

HOTA, = \/DetA,, - AssA, (2.19)

where the alpha determines the classification scores of each

TP, if IoU > a

i (2.20)
Not a TP, otherwise

Detection = {

The final HOTA score is computed by averaging over a range of IoU thresholds to
ensure robustness to localization variations.

HOTA addresses the limitations of MOTA by explicitly disentangling detection and
association performance. By computing the geometric mean of detection and asso-
ciation accuracies, HOTA ensures that high scores can only be achieved when both
aspects perform well. This makes it a more balanced and interpretable metric for
evaluating the actual effectiveness of tracking systems according to [6].
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Methodology

This chapter presents our methodology for MOT in football, addressing challenges
such as occlusions, crowded scenes, and limited labeled data from self-filmed footage.
We build upon MOTRv2, a transformer-based tracking framework, and incorporate
PL to leverage domain-specific unlabeled data effectively. Additionally, a post-
process Re-ID module was utilized.

3.1 Datasets and Preprocessing

This section describes the datasets used for training, validation, and evaluation
in our MOT pipeline. We combine the publicly available SoccerNet dataset with
proprietary match footage from IFK Goéteborg to balance data scale with domain
relevance. Specific preprocessing steps were applied to ensure consistency across
sources, including removing non-human objects such as the ball. We also manually
annotated a subset of the IFK dataset to create custom validation and test sets
tailored to our deployment context.

3.1.1 External Dataset: SoccerNet

We utilize the SoccerNet tracking dataset for training, as it is publicly available and
closely resembles our evaluation domain regarding scene layout and object classes.
Although the dataset includes ground truth annotations for players, referees, and
the ball, we remove all ball-related labels to better align with the objectives of our
tracking task. The ball exhibits distinct motion patterns and visual characteristics,
which could divert model capacity away from learning discriminative features for
player identification. Moreover, its inclusion may introduce noise during training
and reduce the model’s effectiveness in human tracking. By filtering out non-human
objects, we ensure that the model focuses solely on players and referees, who con-
stitute the relevant targets during training and evaluation.

3.1.2 Custom Validation and Test Sets

A portion of the proprietary IFK Goteborg dataset was manually annotated to en-
able supervised evaluation. This was necessary due to the absence of built-in player
positions or identity labels. A dedicated validation set was created to monitor train-
ing performance and guide model selection. In addition, a supervisor selected a sep-
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arate test set that remained unseen throughout development, ensuring an unbiased
final evaluation.

Both the validation and test sets were annotated with bounding boxes and track
IDs, allowing for standard MOT metrics such as HOTA, MOTA, and IDSW. The
annotated data reflects the same tactical camera view and match conditions as the
unlabelled footage, providing a realistic testbed for evaluating tracking models under
real-world deployment scenarios. A comparison between the datasets is shown in
Table 3.1.

Table 3.1: Comparison of SoccerNet (SN) and IFK Goteborg Football Club (IFK)
datasets. "Camera': S (static), P+T+7Z (pan, tilt, zoom). "GT": ground truth with
bounding boxes and IDs. Image resolution is omitted, as all frames are 1920x1080.

Dataset FPS GT #Frames #Games #Seq Camera

SN Train 25 v 42K 3 o7 P+T+Z
SN Val 25 v 45K 3 6 P+T+7Z
IFK Train 25 X >5M >30 - S
IFK Val 25 v 1.6K 3 3 S
IFK Test 25 v 2K 3 5 S

*Manually annotated during this project. - Noncountable

3.1.3 Data Preprocessing and Augmentation

For the tasks in this work, we perform preprocessing and augmentation on the
datasets to increase model robustness and help with generalization. The data aug-
mentation pipeline is crucial in handling variations in the data, such as scaling,
flipping, and resizing. This augmentation is applied during the training phase, as
detailed below.

Data Augmentation for Training: A combination of random horizontal flipping,
random resizing, and random cropping for the training set. These transformations
aim to introduce variability in the data, allowing the model to better generalize
across different scenarios. The augmentation process is implemented as follows:

« Random Horizontal Flip: With a probability of 50%, images are flipped
horizontally to simulate a mirrored view of the scene.

« Random Resize: A set of scales is used for resizing the image. The image
height is resized to one of the given scales (e.g., 608, 640, ..., 992) or a random
scale within the specified range.

« Random Crop: A fixed random crop of 800x1200 pixels is applied to ensure
that the model sees different parts of the image and prevents it from overfitting
to any one part of the frame.

o« HSV Augmentation: The HSV (Hue, Saturation, Value) space is adjusted
for color augmentation, making the model more robust to lighting and color
variations in the data.

28



3. Methodology

e Normalization: The images are normalized to match the typical distribution

of pre-trained models. The standard normalization values used are the mean
of [0.485, 0.456, 0.406] and the standard deviation of [0.229, 0.224, 0.225].

Data Augmentation for Validation: For the validation set, fewer augmenta-
tions are applied to retain data integrity. The primary augmentations include HSV
augmentation and image normalization. Specifically, images are resized to a specific
scale (800 pixels high) while preserving their aspect ratios.

This augmentation strategy aims to allow the model to handle various input condi-
tions, contributing to more robust object detection and tracking performance in the
real-world datasets used in this work.

3.2 Proposal Generation

As detailed in Section 2.3.1.1, YOLO-based detectors are widely used in real-time
object detection for their efficient inference and prominent performance. In our
tracking pipeline, we employ YOLOv11-1 as the object proposal generator. This
choice is motivated by YOLOv11-s faster training and inference speeds compared
to more complex detectors and state-of-the-art performance, enabling efficient pro-
cessing of football footage. Additionally, YOLO’s modular design and widespread
adoption in the tracking community simplify implementation and integration, mak-
ing it a practical and reliable solution for our domain-specific tracking needs.

To adapt the model to the specific domain of football analytics, we fine-tuned
YOLOvV11-1 on the SoccerNet tracking dataset, with all ball annotations removed
to focus solely on detecting players. This domain-specific fine-tuning improves the
detector’s robustness in player-heavy scenes and reduces false positives on irrelevant
objects.

YOLOv11-1 processes each frame independently and outputs bounding boxes with
class confidences. These detections serve as the initial proposals for the subsequent
tracking module, associating them temporally and assigning consistent identities.

3.3 Tracking with MOTRv2

MOTRv2, a transformer-based model known for its ability to handle long-term
object dependencies, track re-initialization, and complex interactions in dynamic
scenes, was chosen for the tracking architecture. MOTRv2 was selected due to its
robustness in addressing key challenges in football tracking, including occlusions,
crowding, and rapid player movement. Unlike traditional trackers that rely on ex-
plicit data association heuristics, MOTRv2 learns tracking end-to-end from data,
leveraging a combination of self-attention and cross-attention mechanisms. This en-
ables it to maintain object identities over extended periods, even when objects are
temporarily lost or occluded, which is common in football scenarios.
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3.3.1 Training and Fine-Tuning

MOTRv2 was initially trained on annotated football footage from the SoccerNet
tracking dataset, which includes challenging scenarios such as crowding and occlu-
sions. We incorporated pseudo-labeled data generated from IFK Goéteborg footage
to improve robustness and address domain gaps. Specifically, we experimented with
three training configurations: training solely on SoccerNet, training on a combined
dataset mixing SoccerNet and pseudo-labeled data, and training on SoccerNet fol-
lowed by fine-tuning exclusively on pseudo-labeled data. These approaches aimed
to enhance the model’s adaptation and generalization across different football do-
mains, bridging the visual and contextual differences between SoccerNet and Spiideo
footage.

Table 3.2: Comparison of training configurations with different datasets.

Dataset(s) Epochs  Learning Rate
SoccerNet only (SN) 61 2x 107
SoccerNet + PL (Mix) 25 2x 107

SoccerNet, fine-tuned on PL (SN—PL) 61 +9 2x107*—2x107°

Following the configurations summarized in Table 3.2, the baseline MOTRv2 model
was trained solely on the SoccerNet dataset for 61 epochs using a learning rate of
2x107%. This learning rate has previously been shown to work well for this model [2]
and, in our testing, provided a good balance between fast convergence and stable
training. For combined training, the model was trained on a mixture of SoccerNet
and pseudo-labeled data for 25 epochs with the same learning rate. Since the com-
bined dataset roughly contains twice the amount of data, the number of epochs was
halved to achieve approximately the same number of gradient steps during training.
This setup enabled the model to learn from both datasets simultaneously without
increasing overall training time. Finally, to further specialize the model for pseudo-
labeled data, fine-tuning was performed by continuing training on pseudo-labeled
data alone for an additional nine epochs with a reduced learning rate of 2 x 1072, fol-
lowing the initial 61 epochs on SoccerNet. Throughout all training configurations, a
lower learning rate was consistently applied to the pretrained backbone to preserve
learned features, while a higher learning rate was used for the transformer com-
ponents to allow more flexible adaptation. Gradual reduction of the learning rate
during training aimed to promote stable convergence and improved generalization
across different football footage domains.

Training was employed and distributed across four A100 GPUs to accelerate the pro-
cess and ensure scalability. A custom data loader efficiently handled large datasets,
with distributed samplers ensuring proper data partitioning in multi-GPU setups.

Learning rate drops were employed towards the end of training to find the optimum
to ensure stable and efficient training.

The training employed the AdamW optimizer [65], chosen for its effectiveness in
training transformer-based models.
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3.3.2 Evaluation and Validation

Validation was conducted after each epoch to monitor the model’s learning progress
and detect signs of overfitting. Due to the extended evaluation time on the complete
SoccerNet test set, we validated the model on both a subset of the SoccerNet test
set and the custom validation set consisting of self-annotated IFK Goéteborg data.
During training, we tracked both training and validation loss on these datasets to
ensure stable convergence. Once training was completed, the model was evaluated
on a custom held-out test set using additional tracking-specific metrics. These in-
cluded HOTA and IDSW, which are critical for assessing identity preservation and
overall tracking performance. This post-training evaluation helped verify that the
model minimized loss and maintained identity consistency across frames, even under
challenging conditions such as occlusions and crowded player formations.

The model weights with the lowest loss on each validation set were saved. These
saved weights were then used to evaluate different models to prevent the use of an
overfitted model. Training curves can be seen in Figure 4.3.

3.3.3 Adaptations for Football Tracking

While MOTRv2’s original architecture is designed for general-purpose tracking, we
introduced several tailored modifications to align it with the specific demands of
football analytics. Given the high number of simultaneously moving players in full-
pitch views, we increased the number of object queries in the decoder to 40 using the
-num_queries flag. This ensured sufficient capacity to maintain identity continuity
across all players, even in dense scenarios such as corner kicks or transitional plays,
where standard query budgets might underperform.

To further improve contextual modeling in dense environments, we enabled ad-
ditional query interaction mechanisms by specifying -query_interaction_layer
QIMv2, allowing richer query-to-query communication within the decoder. The
-extra_track_attn flag was also activated to enhance temporal consistency by
providing additional attention to historical object tracks. These choices emphasized
long-range dependencies and inter-object relationships central to football, where for-
mations and spatial coordination are often more informative than raw appearance.

Regularization techniques such as dropout were employed to improve training sta-
bility and reduce overfitting.

3.4 Pseudo-Labeling

The PL pipeline is composed of several steps to enable automatic labeling of player
positions and movements. First, a tracker generates an initial estimate of the player
tracks throughout a football match. From this initial output, confident tracks are
identified and filtered. Each player in these confident tracks is then segmented. The
segmentation allows each player and their movement pattern across the field to be
extracted and composited onto a clean background. This makes it possible to place
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Tracking data PL data

Pre-trained
Figure 3.1: Visualization of the pipeline used to generate pseudo-labels from unan-
notated video data.

Track Selector H Segment H Move and Resize

players at any position on the field with appropriate resizing. The full pipeline for
this is illustrated in the Figure 3.1

3.4.1 Confident Track Selector

When selecting confident tracklets for PL, several criteria are applied to ensure the
quality and reliability of the data. First, tracklets must be at least 4 seconds long
(R1) to provide sufficient temporal information. To avoid ambiguous detections,
any tracklet with overlapping bounding boxes with other players in the same frame
is excluded by enforcing an IoU of zero (R2). Additionally, detections must have a
confidence score of at least 0.6 (R3) to ensure reliability. The spatial movement of the
tracked object is also essential; we measure the difference between the maximum and
minimum pixel coordinates of the bounding box center in both x and y directions
(R4), requiring a movement greater than 100 pixels to exclude static or nearly
stationary tracklets that may indicate tracking errors. Tracklets with bounding
boxes shorter than 40 pixels in height are filtered out to remove likely noise or false
positives (R5). Finally, tracklets must be continuously tracked without missing
frames to guarantee consistency (R6). These rules help select only high-quality
tracklets suitable for generating accurate pseudo-labels. These rules are summarized
in Table 3.3.

Table 3.3: Rules used to select confident tracklets for PL

Rule Description Value/Criterion
R1 Minimum Tracklet Length > 4 seconds
R2 BBox Overlap Tolerance IoU =0
R3 | Detection Confidence Threshold > 0.6
R4 Tracklet Motion Threshold min(pos g y)) — Max(posz.,)) > 100 px
R5 Minimum BBox Height Box height > 40 px
R6 Consistent Tracking No missing frames

3.4.2 Segmentation

The segmentation of players leverages the fact that the camera view is stationary.
Thus, the players are typically the only rapidly changing elements in the scene. A
static background image is first created by computing the median pixel value over
20 seconds. This method assumes that over a 20-second window, players will have
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moved enough not to dominate any single pixel location, resulting in a background
image free of players.

Segmentation is then performed using the bounding boxes from the confident track-
lets. Each bounding box’s pixel values are subtracted from the background in the
HSV color space, and then the pixels with a difference larger than the threshold (e)
are represented as a foreground /background in the binary mask.

This binary mask is further processed using morphological operations, dilation, and
erosion [66]. These steps help fill in small holes, resulting in cleaner masks. This
thresholding-based approach was chosen over machine learning models as it signif-
icantly speeds up the process by exploiting the stationary nature of the camera
and field. It also provides a reasonably accurate segmentation without requiring
additional training data.

3.4.3 Moving and resizing

Moving the tracklet is performed so that the desired frame aligns with the generated
meeting point in both position and time. The entire tracklet is shifted by the same
amount in time and space, preserving the natural motion direction relative to the
player’s movement within the frame.

A second-order polynomial was fitted to the box height in both the x- and y-
directions to resize and position objects to appear appropriately scaled relative to
their location in the image. This was done using linear regression, based on the ob-
served heights of boxes at various positions. Specifically, for each game, the optimal
constants (a, b, ¢) were found for both axes, resulting in:

A= [am, ay, by, by, cz, cy, (3.1)
This defines a position-dependent height estimation function. Given an object with

original height hy and position (xg,¥o), resulting in a second-degree polynomial
represented by

X, =22, 42, @uy Yo 1, 1 (3.2)
The estimated height at that position is:
ho = A- X, (3.3)

To compute the adjusted height hy at a new position (x1,%;), the same function is
evaluated: A
hi=A-X4 (3.4)
The new height is then calculated as:
h
hy = = hg (3.5)

ho

This ensures that the object is resized proportionally to match its spatial context in
the image.
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3.4.4 Tracklet Generation

The segmented players, background image, and original tracking paths generate new
training sequences. These synthetic sequences are created by randomly placing a set
of coordinates shown in Figure 3.2 b, assigning a time, and determining which par-
ticular players should occlude each other at that location and time. The placement
movements to and from these coordinates align with the original movement paths
of the players, ensuring realistic motion patterns. At each point of interaction, 1-3
players are assigned to meet.

The player positions are randomly selected but constrained within the field’s bound-
aries. Many such sequences are generated, each containing between 15 and 25 players
on the field simultaneously, enabling the possibility of creating an infinite number
of sequences.

(a) Background (b) Point generation (c) Pseudo-labeling

Figure 3.2: The pseudo label generation.

3.5 Re-Identification for ID Switch Correction

To address identity fragmentation and ID switches throughout a football match,
we incorporate the Global Tracklet Association (GTA) framework [4] as a post-
processing stage in our tracking pipeline. GTA tackles two common challenges in
long-term MOT: internal ID inconsistencies within tracklets and the re-association
of disjoint tracklet segments caused by occlusions or brief target disappearances.

3.5.1 Tracklet Splitting

The first step in GTA addresses the problem of tracklet fragmentation and identity
switches, where detections from different players may have been mistakenly merged
into a single tracklet. To correct this, we extract visual feature embeddings for each
bounding box using OSNet [61], a re-identification backbone optimized for capturing
fine-grained appearance differences. These embeddings are analyzed over time using
a modified density-based clustering approach based on DBSCAN [67]. Unlike the
original DBSCAN, our version ensures that all frames are assigned to a cluster,
avoiding the loss of potentially valuable information due to outliers.

This step enables the system to split sequences where abrupt changes in appearance
suggest an identity switch by clustering bounding boxes based on visual similarity
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within a tracklet, such as during occlusions, close player interactions, or tracking
failures.

3.5.2 Tracklet Re-Association

After splitting, the second phase involves reconnecting tracklet fragments likely to
correspond to the same player. A symmetric distance matrix D;; is computed
between all tracklet pairs as described in Equation 2.7. Each entry quantifies the
average cosine dissimilarity between feature embeddings in tracklets 7; and 7. How-
ever, if two tracklets overlap in time, meaning they contain frames from the same
or intersecting time intervals, they are treated as mutually exclusive, since a sin-
gle player cannot occupy two positions simultaneously. In such cases, the distance
between them is set to the maximum value of 1.

To prevent implausible re-associations, we apply spatial filtering based on field ge-
ometry. Tracklet pairs whose horizontal or vertical displacements exceed predefined
thresholds-scaled by a factor [-are also excluded by setting their distances to 1.
These constraints eliminate tracklet pairs that could not feasibly correspond to the
same player due to excessive movement.

The filtered distance matrix is then used for clustering. Tracklets are iteratively
merged until no pairwise distance falls below a user-defined merging threshold a.
This clustering step reconstructs longer, identity-consistent trajectories from shorter
fragments, compensating for tracking failures during occlusion or heavy crowding
periods.

Integrating this Re-Id correction step allows us to improve the continuity and accu-
racy of player tracks over extended sequences without requiring additional annota-
tions or real-time supervision.

3.6 Summary of Design Choices for Football MOT

The methodological components described above were selected with the intent to
address common challenges in football tracking, such as frequent occlusions, crowded
player formations, lighting variability, limited annotations, and domain shifts. By
integrating YOLOv11-1 for detection and MOTRv2 for query-based tracking, the
pipeline is designed to support identity continuity in dynamic scenes. Addition-
ally, techniques like PL, domain-specific augmentation, and tailored data strategies
are employed to improve adaptability to self-filmed and real-world football footage.
These design choices are intended to promote robustness under varied conditions and
facilitate scalable training without full reliance on extensive manual annotation.

3.6.1 Inference Pipeline

After training and fine-tuning, the model is deployed for inference, where it processes
video frames to track players across a full football match. The inference pipeline
follows these steps:
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1. Data Input and Preprocessing:

« Video frames are resized to a fixed resolution, normalized using predefined
mean and standard deviation values, and augmented minimally to retain

data integrity for evaluation.

2. Object Proposal Generation:

e YOLOV11-1 generates object proposals for each frame, detecting player

bounding boxes with associated confidence scores.

3. Tracking with MOTRv2:

e MOTRv2 processes the proposals through its decoder, applying atten-
tion mechanisms to track players across frames. Queries are maintained
to preserve player identities, even when occlusions or rapid movements

occur.

4. Identity Consistency and Re-Identification:

e To reduce identity switches, GTA is used to refine fragmented tracklets,
re-associating them based on appearance features and spatial constraints.

This end-to-end pipeline is designed to enable robust tracking of football players
across a wide range of scenarios, aiming to handling the dynamic nature of the
sport while maintaining consistent identity assignments. By combining YOLOv11-
I’s detections with MOTRv2’s tracking capabilities and our adaptations, we hope to

achieve high accuracy in player tracking in football footage.

r

Video Preprocessing
Resize, normalize, minimal augmentation

!

Object Detection with YOLOv11-1
Object Proposals

|

Transformer-Based
Tracking with MOTRv2

!

Tracklet Refinement via Re-ID
Global Tracklet Association (GTA)

|

-

Final Output and Evaluation
HOTA, IDSW metrics

J

Figure 3.3: Overview of the football tracking inference pipeline.
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Results

This chapter evaluates our MOT method on self-filmed football video data. We
use both quantitative and qualitative metrics to assess tracking accuracy, identity
preservation, and robustness under challenging conditions. The evaluation includes
comparisons with baseline models, ablation studies on key components such as PL
and Re-Id, and analysis of training strategies. All experiments are conducted on
a custom-annotated dataset derived from real match footage, as described in the
previous chapter.

4.1 Fine-tuning YOLO11l

The detector was trained on SoccerNet data, and its performance was evaluated on
individual frames and detections within the SoccerNet test set. Training ceased when
the validation box loss increased, as shown in Figure 4.1. To prevent overfitting,
the weights from epoch 53 were chosen. As Figure 4.1 demonstrates, performance
depends on the confidence threshold.

As part of the self-attention mechanism, the idea is to selectively focus on specific
bounding boxes from the YOLO model for final tracking. Our primary goal is for the
detector to accurately detect all players. Figure 4.2b, the recall plot, demonstrates
that a low confidence threshold yields nearly perfect recall. However, as illustrated
in the precision plot in Figure 4.2¢), a lower threshold increases the number of false
positives (FPs). Therefore, a low confidence threshold of 0.3 was chosen for the
detections.
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Figure 4.1: Training loss over number of epochs for the detector
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Figure 4.2: Performance metrics related to the confidence threshold of the detector
model

Table 4.1: Performance Metrics of the YOLO111 Model

Model F1 Score Confidence Threshold
YOLO111 0.93 0.34

4.2 Effect of Pseudo-Labeling

The impact of incorporating pseudo-labeled data into the training process was as-
sessed by evaluating the performance on four different dataset setups. One uses the
Manually annotated SoccerNet data, one uses only the pseudo-labeled data, and
then a Mix data set combining pseudo-labels and SoccerNet. Lastly, a model that
was first trained on SoccerNet, then fine-tuned on pseudo-labels. These compar-
isons, detailed in Table 4.2, highlight the potential of PL for improving performance
under limited supervision, resulting in an improved score for the Mix data.
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Table 4.2: We compare the performance of MOTRv2 across different datasets. To
ensure a fair comparison, all models were trained with identical parameters and a
similar number of gradient steps, varying only in the training data. These results
are obtained before parameter tuning and therefore may not be directly comparable
to the final, optimized results presented elsewhere.

Dataset HOTAT DetAl AssAT MOTA{T IDF1T IDSW)

SN 68.7 63.0 75.4 67.1 78.0 129
PL 61.4 58.7 64.4 62.6 70.6 301
Mix 70.1 65.7 76.8 74.0 81.6 91
SN->PL 68.2 62.5 74.8 68.1 81.3 378

Training loss per epoch for the different datasets could be spotted in Figure 4.1.

eSS

e SO e R e

Epoch (Resumed) Epoch (Resumed)

(b) Mix (c) SN—PL |

Figure 4.3: Training and validation loss per epoch when training MOTRv2 on
different datasets

4.3 Baseline Comparison

Since the mixed dataset yielded the best performance, it was used for hyperparame-
ter optimization. The optimized model with and without Re-ID was then compared
to the state-of-the-art TBD tracker BoT-SORT, serving as a baseline to evaluate
the impact of our architectural changes and added components. We also added our
Re-ID module to the BoT-SORT tracker to assess the performance of the Re-ID
module. Result of this can be seen in Table 4.3.

Table 4.3: Performance comparison between baseline model BoT-SORT and our
MOTRv2 with our Re-ID and non-Re-ID.

Model HOTAT DetAT AssAT MOTA{T IDF1{ IDSW]
MOTRv2 72.9 709 753 82.0 84.2 86
MOTRv2+Re-ID  74.0 70.9 776 82.0 86.4 7
BotSORT 72.8 68.7 774 78.4 83.8 54
BotSORT+Re-ID  73.3 68.7  78.5 78.4 85.1 49
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4.4 Re-Identification Module

To evaluate the contribution of the Re-ID module, we compare model performance
with and without this component. The Re-ID module is expected to improve the
model’s ability to maintain consistent identities over time, especially in occlusions
and frequent player interactions.

The Table 4.3 shows that the Re-ID module improves the metric related to the asso-
ciation of the same ID to the same player over time, improving tracking consistency.

Figure 4.4 demonstrates the effectiveness of the Re-ID module in connecting similar
tracklets and reducing their overall number. This is evidenced by the fact that
after splitting and connecting (Figure 4.4c, Figure 4.4d), high cosine similarity is
almost exclusively observed along the diagonal, indicating similarity with itself. This
contrasts sharply with the state before splitting (Figure 4.4a, Figure 4.4d), where
high cosine similarity exists between multiple distinct tracklets.

(c) After connection

norrkoping-gotebor

(d) Before splitting (e) After splitting (f) After connection
Figure 4.4: Cosine similarity matrices of visual features for different tracklets.
Subfigures (a, d) show the matrices before splitting, (b, e) after splitting, and (c,

f) after connecting. The plots represent two different sequences from the test set:
(a-c) for the first sequence and (d-f) for the second.
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4.5 Ocular Evaluation

This evaluation compares the BoT-SORT and MOTRv2 (Mix) models without any
postprocessing step like Re-ID. We aim to identify instances where each model makes
false predictions, misses detections, or incorrectly changes IDs, providing a visual
understanding of the quantitative metrics.

Both models demonstrate satisfactory performance when visualizing the tracking
results on the test set. However, MOTRv2 generally exhibits greater robustness to
occlusions, more effectively preserving player identities when overlaps occur. This
is illustrated in Figure 4.5, which highlights a sequence where MOTRv2 maintains
correct identity tracking, while BoT-SORT fails to do so.

(b) BoT-SORT

Figure 4.5: BoT-SORT tracking error: An example sequence where the tracking
of MOTRv2 and BoT-SORT differ

However, MOTRv2 introduces other issues that are not as frequently observed in
BoT-SORT. One significant problem is that MOTRv2 sometimes assigns a double
ID to the same player or rapidly switches between two IDs, as seen in Figure 4.6.
This has the potential to create IDSW. Another problem is that if MOTRv2 loses
track of a player, it immediately attempts to assign another player, often resulting
in a double ID within a single frame or a limited number of frames for that new
player before the lost tracklet disappears in the coming frame. This also potentially
leads to IDSW, shown in red in Figure 4.7.
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Figure 4.6: MOTRv2 tracking errors: instances of double ID assignments and
missing tracklets.

Figure 4.7: MOTRv2 tracking error: Assignment of a lost track ID to an already-
tracked player.
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Discussion

In this chapter, we reflect on our experiments’ key findings and insights. We analyze
the strengths and limitations of the tracking system, the effects of PL, and the role
of Re-ID in enhancing performance. Potential directions for future work are also
discussed.

5.1 Tracking

Tracking with TBQ methods like MOTRv2 appears promising and achieves results
comparable to state-of-the-art, more model-based TBD approaches. However, due
to the larger number of parameters that need to be trained, such methods require
more data.

With a larger and more diverse pseudo-labeled dataset, TBQ approaches like MOTRv2
may outperform model-based trackers like Bot-SORT. Unlike MOTRv2, Bot-SORT
relies more on fixed model components and offers limited support for end-to-end
optimization. This can make it less flexible in adapting to the data, whereas TBQ
methods benefit from the ability to optimize the entire tracking pipeline jointly.

5.2 Pseudo labeling

From Table 4.2, it is evident that the best-performing model utilizes a mixture of
datasets, highlighting the benefits of combining diverse data sources to improve
model performance. However, training solely on pseudo-labeled data is insufficient
as it performs worse on almost all metrics in Table 4.2, indicating that the pseudo-
labeled dataset still has limitations compared to real SoccerNet data. A potential
reason for the performance drop could be that the edges of the segmentation masks
used in the pseudo-label generation process are too sharp and not smoothly blended
with the background. This may lead to unnatural transitions when a player is repo-
sitioned in parts of the field with different lighting conditions, making the synthetic
data less realistic. Further research is needed to explore such limitations and im-
prove pseudo-labeled samples’ visual quality and consistency. The performance drop
in using only the pseudo-label generation process suggests that, given more time,
this process could be further refined to better approximate real data. Neverthe-
less, combining real SoccerNet data with more domain-specific pseudo-labeled data
proves highly beneficial, enhancing the model’s generalization capabilities.
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5.3 Re-Identification

Re-ID has been shown to improve both TBQ and TBD models, though the perfor-
mance boost diminishes as the models improve. For full game tracking, however,
some form of Re-ID seems necessary for consistent long-term monitoring. Due to
their focus on appearance features, Re-ID modules benefit from players being rep-
resented by more pixels, such as when they are closer to the camera or in higher-
resolution images.

5.4 Future Improvements

This section outlines potential avenues for future work, focusing on enhancing track-
ing performance, improving pseudo-label generation, and optimizing training strate-
gies in football player tracking.

5.4.1 Tracking System Enhancements

A significant challenge in tracking football players, particularly in a large field of
view (FoV) with limited image resolution, stems from distant players represented by
a very few pixels. This, combined with frequent player occlusion in sports, makes
distinguishing individual players difficult even for human observers. To address
this, several improvements related to the tracking setup and detector training can
be explored:

« Higher Resolution and Multi-Camera Setups: Implementing higher-
resolution cameras or a dual-camera setup (similar to broadcast styles) would
increase the number of pixels representing each player. This enhanced pixel
density would make it easier for the model to differentiate players, even when
they are far away or occluded. A multi-camera system could further leverage
camera calibration and triangulation to associate objects across different views,
providing more robust and consistent tracklets.

e Detector Training with Pseudo-Labeled Data: Training the object de-
tector directly on pseudo-labeled data, especially data that simulates the chal-
lenges of low pixel representation and occlusion, could significantly improve its
ability to detect and distinguish players under these challenging conditions.

5.4.2 Pseudo-Label Generation Refinement

Improving the quality and realism of pseudo-labeled data is crucial for robust model
training. Future work could focus on:

e Dynamic Backgrounds in Pseudo-Labeling Videos: Incorporating dy-
namic backgrounds into pseudo-label video generation would make the syn-
thetic data more realistic, better mimicking real-world complexities and im-
proving the model’s generalization capabilities.
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5. Discussion

o Camera Calibration for Pseudo-Labeling Accuracy: Utilizing camera
calibration during pseudo-label generation to ensure players are consistently
within a defined grid (e.g., the field boundaries) at all times would lead to
more accurate and reliable pseudo-labels, reducing noise and inconsistencies.

o Class-Specific Pseudo-Labeling: Integrating classification into the pseudo-
label generation process would enable the model to distinguish between players
from different teams and identify referees and linesmen. This would create
more reliable pseudo-labels for match-like sequences, where specific roles (e.g.,
one referee, two linesmen) are consistent.

5.4.3 Optimized Training Strategies
Beyond data generation, the training methodology can be refined:

o Iterative Pseudo-Labeling Training Loop: Implementing an iterative
training loop (e.g., train — generate pseudo-labels — train on new pseudo-
labels — generate new pseudo-labels) could continuously improve model per-
formance. For an offline setup, the model could fine-tune on pseudo-labels
generated from the test data, then iterate this loop to achieve superior perfor-
mance on that specific test set.

o Pseudo-labeling on test set During our project, we entirely excluded the
test data from training to evaluate our model on unseen IFK games. However,
as the PL technique can generate domain-specific data from a video stream
without labels, as well as our offline approach, it would be permissible to use
the test data video feed to create pseudo-labels for the games on which the
algorithm is deployed. This approach allows the creation of challenging se-
quences from these games with the same players, same lightning conditions,
producing data similar to the environment where the algorithm will be de-
ployed. This could improve performance by intentionally overfitting to each
match the model is applied to and fine-tuning it after the game, thereby en-
hancing the algorithm’s performance on that specific match. However, this
approach makes the model less generalizable and requires fine-tuning for each
match, resulting in higher computational cost but likely increased performance
on each game individually.

o Runtime Pseudo-Label Generation: Instead of relying on fixed epochs,
exploring the generation of new pseudo-labeled data continuously during train-
ing could provide a more adaptive and dynamic training process, allowing the
model to learn from evolving data distributions.

5.4.4 Re-Identification Module Optimization

While the Re-ID module has shown promise in connecting similar tracklets and
reducing their overall number, further optimization is possible. Future work could
focus on:
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5. Discussion

o Enhanced Feature Learning for Low-Resolution Instances: Developing

Re-ID features designed to be robust even with low pixel representation per
player could extend its benefits to more challenging tracking scenarios.

Tighter Integration with Tracking: Exploring more seamless integration
of the Re-ID module directly within the tracking pipeline, rather than as
a separate postprocessing step, might lead to more real-time and coherent
tracklet management.

Team and Number Classification: A full-pitch field of view (FoV) is es-
sential for robust long-term tracking over entire sequences. Furthermore, a
dedicated classification module should be integrated into the Re-ID pipeline,
combining OCR-based jersey number recognition with team affiliation classi-
fication. These semantic attributes can be embedded into the Re-ID represen-
tation to improve identity consistency. Incorporating such information enables
more reliable reconnection of fragmented tracklets, particularly in cases where
jersey numbers are occluded or temporarily invisible.

5.4.5 Incorporating Temporal Context

In an offline tracking setting, leveraging information from past and future frames
to inform the association of objects in the current frame represents a promising di-
rection. By conditioning the query representation on a broader temporal window
including multiple frames into the future, the model could better estimate object tra-
jectories, particularly in challenging scenarios such as complete occlusions or abrupt
motion changes. Integrating temporal priors, such as where an object has previously
been, and plausible predictions of its future positions in multiple future frames. It
could improve the robustness and continuity of identity association. Nonetheless, ef-
fectively modeling and utilizing this bidirectional temporal context remains an open
research challenge.
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Conclusions

Tracking football players within a large field of view and with limited image reso-
lution poses substantial difficulties. A few pixels represent distant players, and the
frequent close proximity of athletes in sports often leads to occlusion. This combina-
tion of low pixel count and occlusion makes reliable differentiation between players
challenging, even for human observers.

Tracking-by-query models, such as MOTRv2, necessitate significantly more train-
ing data to achieve performance levels comparable to tracking-by-detection models
like BoT-SORT. As data-driven machine learning approaches, query-based trackers
are inherently more sensitive to hyperparameter tuning than model-based track-
ers, which typically operate with fewer adjustable parameters. Nevertheless, our
results underscore the immense potential of deep learning: given sufficiently large
and domain-specific datasets, these modern approaches can rival, and even exceed,
the capabilities of older, more model-based techniques. This suggests that the ulti-
mate performance limit for deep learning methods in tracking may indeed be higher
than for somewhat model-based techniques like BoT-SORT, provided optimal pa-
rameter configurations and extensive domain-specific data are available. However,
as of now, a postprocessing step is still required to mitigate the increased number of
IDSW generated by the data-driven MOTRv2 tracker, and we have not proven that
MOTRv2 is on par or does improve such a metric compared to more model-based
approaches such as BoT-SORT.

Furthermore, the utility of employing PL for generating domain-specific data has
been demonstrated to effectively enhance model performance within that target
domain.

Re-ID appears to yield modest performance improvements when applied as a post-
processing step. While its advantages are more pronounced on images featuring

higher pixel representation per player, it consistently benefits the more model-based
BoT-SORT and the more data-driven MOTRv2 architectures.
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