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Transformer-Based Multi-Object Tracking of Football Players Using Pseudo-Labeling
Adapting MOTRv2 with Pseudo-Labeling and Re-Identi�cation for Football Track-
ing
Anton Hedén, Anthon Odengard
Department of Electrical Engineering
Chalmers University of Technology

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-
ci�c challenges of football environments. The work is part of a broader e�ort 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-speci�c 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 re�nement of
the model through multiple training cycles on domain-speci�c 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 bene�ts of self-supervised training when domain-
speci�c data is scarce. The �ndings o�er insights for future improvements in auto-
mated sports tracking systems.

Keywords: Computer Vision, Multiple Object Tracking, Transformer, Football,
Pseudo-Labeling, Re-ID
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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, o�ering 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 di�culties 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 �ltering 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, o�ers 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. Speci�cally, we aim to determine whether
transformer architectures can e�ectively combine spatial features with temporal con-
text to improve tracking stability and identity consistency.
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1. Introduction

In addition, we explore the use of pseudo-labeling (PL) and re-identi�cation (Re-ID)
techniques. PL enables semi-supervised learning by generating and re�ning anno-
tations on domain-speci�c, unlabeled data. Re-ID methods help maintain identity
consistency during prolonged occlusions or complex movement.

Through this work, we aim to assess the e�ectiveness of these methods for football-
speci�c 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 con�ned to an o�ine 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 Göteborg's internal recordings. This �xed-camera setup avoids
complications arising from camera motion but introduces challenges related to the
large �eld of view (FoV), causing distant objects to be represented with fewer pixels.

By clearly de�ning these boundaries, we narrow the project's focus to identity-aware
object tracking under static camera conditions within sports analytics.
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2
Background

This section will introduce the fundamental concepts, challenges, and methodologies
relevant to MOT in the football context. Starting by de�ning MOT and reviewing
both traditional and modern tracking approaches, highlighting the limitations of
TBD methods compared to the more recent TBQ 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 �eld, 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 speci�c 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
ful�ll a dual purpose: they provide essential ground truth for supervised learning
and model benchmarking. Crucially, they also must accurately represent the speci�c
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
Göteborg using Spiideo systems [25]. While benchmark datasets o�er 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-speci�c 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, o�ering video footage, event

3



2. Background

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, sta�, and the ball. The clips
are �lmed 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 a�ect the performance of tracking systems not explicitly
designed for such dynamic conditions [26].

2.1.2 IFK Göteborg Dataset

In addition to standard benchmark datasets, our research incorporates a unique pro-
prietary video dataset from the Swedish football club IFK Göteborg. This footage,
captured using the professional sports video analysis system Spiideo [25], o�ers 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 �eld 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 �eld, Spiideo
recordings provide a �xed, tactical view with consistent framing.

While this dataset o�ers 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.
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