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Abstract
Football has evolved significantly over the past decades, not only in terms of gameplay and strategy but also
through the integration of advanced technologies. With the rise of artificial intelligence, automated analysis of
football matches has become a promising field for enhancing coaching strategies, performance evaluation, and
real-time broadcasting insights. This work aims to develop a comprehensive system capable of extracting mean-
ingful information from raw football match footage by leveraging computer vision techniques. The significance of
this work lies in its holistic approach, combining multiple sub-tasks—each addressing a specific challenge within
football video analysis—to build an end-to-end intelligent framework that contributes to the growing demand
for automated sports understanding systems. The methodology followed in this work involves several stages of
visual data processing and model design. Initially, a semantic segmentation approach was applied to separate
relevant entities from the field; however, its performance proved insufficient in complex scenes. This led to the
adoption of object detection methods using YOLOv8 models, which were trained to detect players, referees,
and goalkeepers. Due to the small size and high motion variability of the ball, a dedicated detection model was
trained separately with scaled-up input images to improve ball recognition. To understand the spatial structure
of the field, a keypoint detection model was implemented to localize crucial pitch landmarks and infer field di-
mensions. Subsequently, a classification model was trained to identify and categorize key match events such as
goals, fouls, and substitutions. The final system integrates the outputs of these models to form a unified pipeline
capable of performing comprehensive football match analysis with high accuracy and efficiency. Our overar-
ching goal is to reduce human errors in football officiating by leveraging various artificial intelligence techniques.

Keywords: Computer Vision, Football Technology, Object Detection, Keypoint Detection, Semantic Seg-
mentation, Event Classification



اिऻڪٌۘ
༇ံد ఈః༠ل ݆݁ ألݯً؇ ًܭ وا৖৑ݿଫଐا౯౏ళ٭؇ت، اይዧأص أݿߺࠊب ۋ٭ت ݆݁ ڣگޔ ྘ܳݴ اৎ৊؇ݪ٭۰، اܳأگިد ݁ڎار আॻ༟ ܹ݁ۜިޖً؇ ّޚިراً اܳگڎم ாணة ዝཇڎت
وّگ٭ࡗࡲ ೞಱاܳٺڎر اݿଫଐا౯౏ళ٭؇ت ඔ൹ܳٺۜފ وا༟ڎاً ৖ً৑؇෠੼ اܳگڎم ாணة ل؇ت ৎ৊ٴ؇ر ሒᇿ৚৑ا اܳٺ༲ܹ٭ܭ أݬٴں ،ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ݬأިد و݁ؕ اৎ৊ٺگڎ۰݁. اܳٺگٷ٭؇ت
اܳگڎم ாணة ل؇ت ݁ٴ؇ر ܳگޚ؇ت ݆݁ ݁ڰ٭ڎة ݁أߺࠊ݁؇ت اݿٺۛݠاج আॻ༟ ڢ؇در ނ؇݁ܭ َޙ؇م ّޚިߌߵ ሌᇿإ اܳأ݄ܭ ۱ڍا ዛኗڎف .๤ཇ؇ٴৎ৊ا اܳٴت ورؤى ا৙৑داء
ဪلأ؇ࠍ ؇ዛዊ݁ ႟၍ - ݁ٺأڎدة ڣݠ؜٭۰ ዛᔻ؇م ඔ൹ً ؕᆇ໶໕ اᄳᄟي اܳލ؇݁ܭ، ۬༶ዛኡ ሒᇭ اܳأ݄ܭ ۱ڍا أᆇᆅ٭۰ ݆ᆇᅀّ .۰ਃಸިݿ؇੆اࠍ ل۰ اෂීؤ ّگٷ٭؇ت ݆݁ ً؇৖৑ݿٺڰ؇دة اࠍ੅؇م
ا৚৑ܳ٭۰. ل؇ݪ۰ ීෂا ڣ۳ܾ أَޙ۰݄ আॻ༟ ا଩ଐৎ৊اࢴࣖ اܳޚܹص ّܹٴ٭۰ ሒᇭ ܾዝ๎ُะ ݁ٺႤၽ݁ܭ ሒᆞذ ᆇᅦܭ إޗ؇ر ܳٴٷ؇ء - اܳگڎم ாணة ڣ٭ڎل۱ި؇ت ොູܹ٭ܭ ሒᇭ ො੼ڎداً ؇ً࿌ڎොູ
ܳڰݱܭ ا৖৑ᄴᄟܳ٭۰ اܳٺ۠ݞف۰ ዛኡھ ّޚٴ٭ݑ ቕቆ اܳٴڎال۰، ሒᇭ اࡺ࢕ࢦ؇ذج. وّݱ݄ࡗࡲ ۰ਃಮݠৎ৊ا اܳٴ٭؇َ؇ت ۰੊݁أ؇ࠍ ݆݁ ਵਦا༡ܭ ༟ڎة اܳأ݄ܭ ۱ڍا ሒᇭ اৎ৊ٺٴأ۰ اዛዊৎ৊۠٭۰ ਐಾݯ݄݆
ً؇ݿٺ༱ڎام ا৙৑ۏފ؇م ܋ލژ أݿ؇ܳ٭ص ا؜ٺ݄؇د ሌᇿإ ዻዧذ أدى اৎ৊أگڎة. اৎ৊ލ؇۱ڎ ሒᇭ Ⴄ၍ڣ٭ً؇ لܝ݆ ቕረ أداءه أن ৖৑إ اৎ৊ܹأص؛ ؜݆ ᄭᄥاܳݱ ذات ا൑ശܳ؇َ؇ت
ೞಱࣁࣖر ቕቆ ،ଫଃاܳـܝٴ ؇ዛው܋රඞ وّگܹص اܳـଲ୍ة ܾ࿭੗ ܳݱ؞ݠ َޙݠاً .ሌᇧݠৎ৊ا وරඞاس واࠍႤၽ੆م ඔ൹؜ٴఈዳዧا ܋ލژ আॻ༟ ؇ዛ዇ᚬࣁࣖر ቕቆ มฆܳا YOLOv8، ஓ஁؇ذج
ஓ஁ިذج ّޚٴ٭ݑ ቕቆ గጻዧܹأص، ۰ਃ಻Ⴄၽৎ৊ا اܳٴྡྷ٭۰ ܳڰ۳ܾ اܳـଲ୍ة. আॻ༟ اܳٺأݠف ඔ൹ܳٺۜފ ݁ܝଫଊُة ᄭᄥ༠ُ݁ڎ ݬިر ً؇ݿٺ༱ڎام ݁ٷڰݱܭ ႟ၽ૰૖ ෛ੼ݱݧ ܋ލژ ஓ஁ިذج
اৎ৊ٴ؇راة أ༡ڎاث وّݱྡྷ٭ژ ܳٺ༲ڎࢴࣖ ّݱྡྷ٭ژ ஓ஁ިذج ೞಱࣁࣖر ቕቆ ،ዻዧذ ًأڎ أًأ؇ده. واݿྥٷٺ؇ج ۰݄۳ৎ৊ا اৎ৊ܹأص ቕረ؇݁أ ܳٺ༲ڎࢴࣖ ا྘ཬීෂފ٭۰ اܳٷگ؇ط ܋ލژ
ނ؇݁ܭ ොູܹ٭ܭ إරජاء আॻ༟ ڢ؇در ༡ި݁ڎ ݁ފ؇ر ܳྥލ൑ശܭ اࡺ࢕ࢦ؇ذج ۱ڍه ෛ੼ݠ༥؇ت ሒᆶ؇ዛዊܳا اܳٷޙ؇م ༇ံࣖࢴ واܳٺٴڎلఈఃت. وا৙৑ۊޚ؇ء ا۱৙৑ڎاف ݁ټܭ ا྘ཬීෂފ٭۰،
ّگٷ٭؇ت ݆݁ ا৖৑ݿٺڰ؇دة ఈః༠ل ݆݁ اܳگڎم ாணة ොູܝࡗࡲ ሒᇭ ا๤དྷྟܳل۰ ا৙৑ۊޚ؇ء ّگܹ٭ܭ ި۱ ๴ཏ྘ཬීෂا ۱ڎڣٷ؇ .ඔ൹ܳ٭ٺ؇༟ و܋ڰ؇ءة ࢻࣖڢ۰ اܳگڎم ாணة ل؇ت ৎ৊ٴ؇ر

ا௰௯௫ٺܹڰ۰. ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء
ا৖৑ᄴᄟܳ٭۰، اܳٺ۠ݞف۰ ا྘ཬීෂފ٭۰، اܳٷگ؇ط ا܋ྥލ؇ف ا਍ಮႤၽܳ؇ت، ا܋ྥލ؇ف اܳگڎم، ாணة ّܝٷިܳިۏ٭؇ ،۰ਃಸިݿ؇੆اࠍ ل۰ اෂීؤ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت

ا༡৙৑ڎاث ّݱྡྷ٭ژ



Résumé
Le football a considérablement évolué au cours des dernières décennies, non seulement en termes de gameplay
et de stratégie, mais aussi grâce à l’intégration de technologies avancées. Avec l’essor de l’intelligence artificielle,
l’analyse automatisée des matchs de football est devenue un domaine prometteur pour améliorer les stratégies
d’entraînement, l’évaluation des performances et la diffusion en temps réel. Ce travail vise à développer un
système complet capable d’extraire des informations pertinentes à partir d’images brutes de matchs de football
en exploitant des techniques de vision par ordinateur. L’intérêt de ce travail réside dans son approche holistique,
combinant plusieurs sous-tâches, chacune répondant à un défi spécifique de l’analyse vidéo de football, afin de
construire un cadre intelligent de bout en bout qui contribue à la demande croissante de systèmes automatisés
de compréhension du sport. La méthodologie suivie dans ce travail implique plusieurs étapes de traitement des
données visuelles et de conception de modèles. Initialement, une approche de segmentation sémantique a été ap-
pliquée pour séparer les entités pertinentes du terrain ; cependant, ses performances se sont avérées insuffisantes
dans les scènes complexes. Cela a conduit à l’adoption de méthodes de détection d’objets utilisant des modèles
YOLOv8, entraînés à détecter les joueurs, les arbitres et les gardiens de but. En raison de la petite taille et de la
grande variabilité des mouvements du ballon, un modèle de détection dédié a été entraîné séparément avec des
images d’entrée agrandies afin d’améliorer la reconnaissance du ballon. Afin de comprendre la structure spatiale
du terrain, un modèle de détection de points clés a été mis en œuvre pour localiser les points de repère cruciaux
du terrain et en déduire les dimensions. Par la suite, un modèle de classification a été entraîné pour identifier
et catégoriser les événements clés du match, tels que les buts, les fautes et les remplacements. Le système final
intègre les résultats de ces modèles pour former un pipeline unifié capable d’effectuer une analyse complète
des matchs de football avec une grande précision et une grande efficacité. Notre objectif principal est de ré-
duire les erreurs humaines dans l’arbitrage du football en exploitant diverses techniques d’intelligence artificielle.

Mots-clés: Vision par ordinateur, Technologie du football, Détection d’objets, Détection de points clés,
Segmentation sémantique, Classification d’événements



General Introduction

Football is witnessing continuous development at both the tactical and technical levels, driven by advances in
information technology and artificial intelligence. This integration between the two fields has opened up broad
horizons for analyzing matches, evaluating player performance, and contributing to accurate refereeing decisions.
Computer vision, as a branch of artificial intelligence, has become an effective tool for extracting information
from images and videos, revolutionizing the way football data is processed and interpreted automatically and
intelligently, However, despite advances in technology, many refereeing errors persist, often unfair, and can
negatively impact the enjoyment of football. In this work, we will attempt to address the problem of refereeing
errors during matches.

this work lies in how to employ computer vision techniques to solve challenges associated with football,
specifically reducing refereeing errors and improving our understanding of the game through visual data analysis.
we worked on a number of topics, including data collection and processing, solving the problem of detecting small
objects such as the ball, automatically identifying field features, and identifying important events in the match.
These challenges were addressed using various techniques such as Semantic Segmentation, Object Detection,
Keypoint Detection, and Classification, enabling the development of an integrated system for analyzing football
matches.

The methodology used in this work relies on a gradual approach to the problems facing video data modeling
in football. First, the data was collected and processed, followed by the use of specialized algorithms to detect
different visual entities. Deep learning techniques were then employed to extract pitch characteristics and
structure, then classification models were trained on the classified scenes to enhance the system’s ability to
identify significant events, leading to the integration of the results into a comprehensive analytical system.

This work presents the following: In the first chapter, the historical development of football was studied
along with the development of technology, and the impact of the latter in supporting both athletic and technical
aspects, whether in assisting referees, players, or even coaches. In the second chapter, a comprehensive overview
of artificial intelligence and its various applications was presented, focusing on its role in sports in general and
how it is developing them, specifically football, in an effort to automate them with effective intelligent systems.
In Chapter 3, the steps of the proposed work are explained, starting with data processing using Semantic
Segmentation, then moving on to Object Detection to detect key entities, training a special model for the
ball, passing through the detection of reference points on the field, and ending with event classification and
integrating all results into a unified framework.
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Chapter 1

The Transformation of Football with
Technology

1.1 Introduction
Football isn’t just about what happens on the grass—there’s more to it than that It is a global social, economic,
and cultural phenomenon that unites people of all races and cultures, igniting the passions of millions in
every corner of the planet. This game has evolved significantly since its inception, transforming from a simple
sport played on streets and dirt fields into a complex professional industry run by large sports organizations
and media networks, with annual revenues estimated at billions of dollars. With the increasing speed and
competitiveness of the game, there has been an urgent need for scientific and technical tools to help clubs,
coaches, and players understand and accurately evaluate performance. So, technical and tactical analysis have
become really important in this whole thing the development of modern football. It is no longer possible to rely
solely on innate skill or luck; success in matches is now linked to a careful analysis of the opponent, an objective
assessment of player performance, and the intelligent use of data and information. In this context, artificial
intelligence has begun to occupy a It’s a big part of the football world, used in many areas like analyzing videos
and working with players injury prediction, team performance evaluation, and the discovery of emerging talent.
Through technologies such as computer vision, machine learning, and deep learning, it has become possible
to accurately track player and ball movements, analyze tactical patterns, and even predict potential decisions
within a match. These tools not only serve technical staff but also contribute to supporting referees through
technologies such as video assistant referees (VAR), and to enhancing the viewer experience through interactive
statistics and intelligent match presentations. Thus, artificial intelligence has become a fundamental strategic
tool in developing the game, making the difference between victory and defeat, confirming that the future of
football will be closely linked to quick progress in science and technology.

1.2 The Socioeconomic and Health Impact of Football

1.2.1 Economic Influence of the Football Industry
The economic impact of football extends far beyond the boundaries of the pitch. As one of the most lucrative
industries in the global sports sector, football generates vast revenues through multiple interconnected channels.
Major football clubs have evolved into powerful commercial entities, managing multi-million dollar budgets,
sponsorship deals, and global fanbases. Broadcasting rights alone bring in a big part of the industry’s revenue
financial muscle, with leagues such as the English Premier League, La Liga, and UEFA Champions League
securing billions of dollars from television networks seeking exclusive access to live matches[150]. In addition,
advertising and sponsorship partnerships—often with multinational corporations—inject substantial capital
into clubs, federations, and players’ branding campaigns. The merchandise market, including jerseys, footwear,
collectibles, and licensed products, further fuels this economic engine, especially with the global reach of online
commerce. Local economies also benefit, as matchday revenues stimulate sectors such as tourism, hospitality,
transport, and small businesses. The football industry’s resilience and adaptability were especially evident
during challenges such as the COVID-19 pandemic, which pushed clubs and organizers to develop innovative
revenue streams including virtual fan experiences, digital ticketing, and streaming platforms [152]. Football,
at its core, is just about the game and the thrill of it has become not only a sport but also a critical pillar of
economic development in many regions of the world.
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1.2.2 Social Integration and Cultural Influence
Football isn’t just about money; it also helps bring people together and share different cultures dialogue. It’s
a way of communicating that crosses countries, religions, and languages, helping people connect regardless of
their backgrounds together diverse populations under a shared passion. International tournaments like the FIFA
World Cup, UEFA European Championship, and the Africa Cup of Nations are not only sporting spectacles
but also platforms for intercultural exchange and diplomacy. These events bring countries together, building a
sense of pride and teamwork fans alike, often serving as moments of collective national identity and celebration
[86]. On the club level, global teams like Real Madrid, Manchester United, and Bayern Munich have fans
from virtually every continent, symbolizing how football can bridge cultural and geographical divides. This
inclusivity is also reflected in Community projects and local programs that focus on helping young people,
supporting gender equality, and building stronger neighborhoods addressing social inequalities through sport.
Football has also been used to support humanitarian efforts to raise awareness and support for global causes
such as education, health, and peacebuilding. Stadiums often become melting pots of cultures, where people
from varied backgrounds come together to support their teams, creating bonds that extend beyond the game.
Thus, football is not merely entertainment—it is a cultural force that shapes values, connects societies, and
promotes global citizenship.

1.2.3 Football as a Tool for Physical and Mental Health
Football also holds immense value as a promoter of physical fitness and mental well-being. On a physical level,
playing football engages almost every muscle group, enhances cardiovascular health, improves coordination,
and builds endurance. Its lively and competitive vibe makes it a great kind of cardio workout for individuals
of all ages and fitness levels. Children develop motor skills, teamwork, and discipline, while adults benefit
from stress relief and weight management. In recent years, structured training programs based on football
have been incorporated into public health initiatives aimed at combating sedentary lifestyles, obesity, and heart
diseases [93]. Beyond the physical advantages, football offers critical psychological benefits. It It helps young
people and those who might feel left out feel like they belong and more confident about themselves. Team
environments encourage communication, emotional regulation, and resilience, while the thrill of competition
and achievement stimulates dopamine release, enhancing mood and motivation. For spectators, engaging with
football as fans can also provide emotional catharsis, social identity, and even mental distraction from everyday
stressors. Therapeutic football programs have been used in various clinical settings to support individuals with
mental health conditions, PTSD, and neurodevelopmental disorders. Consequently, football is a comprehensive
A tool that supports overall well-being, helping to care for the body, mind, and social life all at once world.

1.3 The Emergence of Technology in Football

1.3.1 Historical Evolution of Technology in Sports
The integration of technology into sports has a long and dynamic history, reflecting the broader evolution of
scientific progress and innovation in human activity. Initially, the role of technology in athletics was mini-
mal, limited to basic tools such as stopwatches and measuring tapes. However, as competitive sports grew
in popularity and professionalism, the demand for precision, fairness, and performance optimization pushed
the boundaries of technological development. In athletics and swimming, the introduction of electronic timing
systems ensured greater accuracy in race results, while in tennis and cricket, technologies like Hawk-Eye and
Snickometer revolutionized decision-making by providing real-time visualizations of ball trajectories and con-
tact points [40, 156]. These advancements not only improved the credibility of officiating but also enhanced the
viewing experience for fans and analysts alike.

In parallel, the rise of video analysis tools and biomechanical sensors enabled coaches and athletes to study
motion, optimize techniques, and prevent injuries, marking the beginning of a data-driven era in sports training.
Wearable devices, GPS trackers, and heart rate monitors began to collect physiological and performance metrics
that were previously inaccessible, opening new dimensions of individualized and evidence-based coaching [11, 25].
The proliferation of broadcast technology, including high-definition cameras, drones, and augmented reality
overlays, further changed how sports are consumed and analyzed. These innovations paved the way for more
advanced systems involving artificial intelligence, machine learning, and computer vision—technologies that
are now central to elite sports performance analysis, including in football. Thus, the historical trajectory of
technology in sports reveals a continuous and accelerating integration of science into athletic practice, with
Football is really starting to benefit a lot from these changes.
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1.3.2 Adoption of AI and Data in Modern Football
The adoption of artificial intelligence (AI) and data analytics in football represents one of the most transfor-
mative trends in the modern history of the sport. Although rudimentary forms of data collection—such as
manual notation of passes, shots, and tackles—existed for decades, the systematic and intelligent application
of large-scale data only began to gain momentum in the late 2000s and early 2010s. With the expansion of
computational power and the availability of vast datasets, football clubs started to harness AI technologies
to gain competitive advantages on and off the pitch. Early pioneers such as Brentford FC and FC Midtjyl-
land demonstrated how predictive modeling, statistical analysis, and machine learning could be used for talent
scouting, match preparation, and tactical planning.

One of the major milestones in this domain was the development of tracking systems capable of monitoring
player and ball movements across the pitch in real-time using computer vision and sensor-based technology.
Companies like StatsBomb, Opta, and Second Spectrum began offering granular event and positional data, which
clubs used to analyze spatial dynamics, build player heatmaps, and assess tactical formations. AI-driven systems
also contributed to injury prevention through load management algorithms that detect fatigue and predict
injury risk based on training intensity and match exertion [11, 46]. On the strategic front, coaches now receive
AI-generated reports highlighting opponent weaknesses, set-piece vulnerabilities, and optimal substitutions,
allowing for data-informed decisions that can significantly influence match outcomes.

Furthermore, in the realm of fan engagement and broadcasting, AI is used to personalize content, generate
highlights, and simulate match scenarios. Advanced models also analyze referee decisions, detect offside positions
automatically, and simulate probable outcomes in complex in-game situations. These applications have not
only professionalized football analysis but have also redefined how stakeholders—coaches, analysts, referees,
fans, and players—interact with the game. Today, nearly every top-tier football club operates with a dedicated
data analysis department, marking the widespread institutionalization of AI in the sport. As the technology
continues to evolve, it is expected to drive even deeper insights into performance dynamics, game theory, and
player psychology, establishing AI as a permanent fixture in the future of football.

1.4 Tracking Systems and Performance Analytics

1.4.1 Wearable Sensors and GPS Systems
In today’s football world, players and teams are using wearable sensors and GPS trackers more and more
indispensable tools for monitoring player performance with exceptional accuracy. These technologies offer real-
time insights into the physical exertion and movement patterns of athletes during both training sessions and
official matches [20, 106]. Wearable sensors, typically embedded in lightweight vests or undergarments, are
equipped with accelerometers, gyroscopes, magnetometers, and GPS modules. They measure a wide array of
metrics such as distance covered, sprint speed, acceleration and deceleration rates, changes in direction, and
even impacts from collisions. This kind of info is important not just for getting better at sports, but also for
knowing when you’re pushing too hard and need a break. [106].

GPS systems in particular enable coaches and sports scientists to visualize a player’s positional data through-
out a match. By mapping heat zones and analyzing spatial distribution, coaching staff can determine how effec-
tively a player maintains their role within tactical formations or exploits specific areas of the pitch [20]. These
insights inform adjustments in training intensity, substitution decisions, and long-term conditioning programs.
For example, if data shows that a player consistently underperforms in high-intensity sprints after a Once a cer-
tain number of minutes have passed, the training staff can adjust the workout plan or schedule breaks as needed
. Moreover, centralized databases storing longitudinal tracking data across multiple matches and seasons allow
for comparative performance analysis and the detection of trends over time. This fusion of physiological and
positional data, driven by wearable and GPS technologies, has redefined evidence-based coaching and sports
medicine in professional football [106].

1.4.2 Biomechanical and Tactical Analysis Using AI
AI tools do beyond track how players move. They also analyze the details of how players perform and help figure
out strategies for matches.. Biomechanical analysis refers to the study of human movement and the mechanical
efficiency of body parts during athletic activities. In football, AI systems equipped with computer vision
and machine learning algorithms analyze body posture, joint angles, stride patterns, and balance [19]. Such
assessments can reveal underlying inefficiencies in movement that may predispose athletes to injury or reduce on-
field effectiveness. For instance, subtle asymmetries in running gait or frequent poor landing mechanics during
aerial duels can be identified through video-based biomechanical modeling. With this data, physiotherapists
and conditioning coaches can intervene with personalized exercises that enhance biomechanical function and
reduce injury risks.
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From a tactical standpoint, AI has revolutionized how teams interpret their own play and that of their oppo-
nents. Tactical AI platforms process thousands of events per match—from passes and interceptions to pressing
patterns and player orientations—enabling coaches to construct detailed models of gameplay behavior [44, 168].
These systems can identify the effectiveness of different formations, measure spatial compactness, evaluate tran-
sition speed between defensive and offensive phases, and suggest counterstrategies based on historical success
rates. Clustering algorithms can help by grouping players based on their roles or how they influence the game.
This makes it easier to scout talent and focus on developing specific roles. For example, AI can determine which
combinations of midfielders result in the highest ball retention rates or which defensive duos most effectively
limit goal-scoring opportunities [32].

Getting both biomechanical and tactical data together really helps paint a clear picture of a player’s overall
worth. A physically fit player who excels tactically within a specific system can be distinguished from one
who performs well physically but lacks positional intelligence. This teamwork makes it easier to make smart,
data-based choices when developing players. , match preparation, and post-game evaluations. As AI systems
become more sophisticated and datasets grow in depth and resolution, the fusion of biomechanical and tactical
insights is expected to play an increasingly central role in shaping the modern footballer [168].

1.5 Technology in Refereeing: A Paradigm Shift

1.5.1 VAR: Operation and Controversies
The arrival of Video Assistant Referee (VAR) technology has been one of the biggest changes in how football
referees do their job. VAR was implemented with the aim of reducing human error in crucial match decisions,
including goals, penalty incidents, direct red cards, and mistaken identity [82, 88, 117]. The system operates
through a team of assistant referees located in a remote video operation room, where they monitor multiple
camera feeds from the stadium in real-time. When a potentially game-changing event occurs, the VAR team
communicates with the on-field referee through a secure audio link, providing recommendations or suggesting a
video review on the pitch-side monitor [88]. This collaborative review process allows the main referee to reassess
the incident from multiple angles and at different speeds before making a final decision.

Despite its potential for improving accuracy, VAR has stirred substantial controversy within the football
community [18, 88, 117]. Critics argue that the technology, while precise, often disrupts the flow of the game
due to extended review times and ambiguous interpretation of subjective calls—especially in scenarios involving
handballs or minor contact. Additionally, the perceived inconsistency in when and how VAR is used across
different leagues and competitions has led to debates over fairness and transparency. Spectators and players
have expressed frustration over delays and the emotional anticlimax that results when celebratory moments are
paused or overturned after lengthy reviews [117]. Plus, even though VAR is meant to help referees, not replace
their calls, there are concerns about growing overreliance on technology, which may diminish the authority and
spontaneity of on-field officiating [18]. Thus, while VAR has certainly raised the bar for decision accuracy, it
also brings ethical and operational dilemmas that continue to challenge football’s governing bodies.

Figure 1.1: Var Technology in World Cup 2018 [57]
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1.5.2 Goal-Line Technology and Decision Assurance
In contrast to VAR, goal-line technology (GLT) has been met with widespread acceptance and minimal contro-
versy due to its simplicity and objectivity [56, 105]. GLT is specifically designed to determine whether the entire
ball has crossed the goal line between the posts and under the crossbar—an essential aspect of the game that
was previously vulnerable to human error, especially in fast-paced or obstructed scenarios. The most common
form of GLT employs high-speed cameras positioned around the stadium, calibrated to triangulate the ball’s
exact position in relation to the goal line [105]. When a goal is scored, the system sends an instant signal to
the referee’s watch, usually within a second, ensuring an immediate and unequivocal decision [157].

What makes goal-line technology particularly effective is its binary nature: the ball either crosses the line or
it doesn’t, leaving little room for interpretation [56]. As a result, GLT has successfully removed one of football’s
most contentious issues, famously highlighted in high-profile incidents such as Frank Lampard’s disallowed
goal in the 2010 FIFA World Cup. Beyond enhancing fairness, GLT has also preserved the game’s rhythm
by no more long talks or back-and-forths. Its reliability and automation offer referees peace of mind and
spectators a sense of justice, reinforcing the integrity of match outcomes [105, 157]. Although the technology
requires significant financial investment, particularly in camera installation and calibration, its benefits have
outweighed the costs in most top-tier leagues and international tournaments. Goal-line technology really shows
how important accuracy is when it comes to making the right call, purpose-specific technological innovations
can enhance officiating without compromising the spirit or tempo of the game.

Figure 1.2: Goal Line Technology Example applied [30]

1.6 AI-Powered Refereeing Decision Analysis

1.6.1 Computer Vision for Instant Replay Analysis
Computer vision has become a pretty useful part of modern football refereeing, especially when it comes to
instant replay reviews. This branch of artificial intelligence enables systems to process and interpret visual
information in a manner analogous to human sight—but with significantly enhanced precision, speed, and
objectivity. In football, computer vision algorithms are used to analyze video footage frame-by-frame in real
time, identifying key events such as fouls, handballs, offsides, or goal-line crossings [62, 73, 79]. By leveraging
convolutional neural networks (CNNs) and deep learning architectures, these systems can detect player positions,
track ball movement, and measure distances with sub-second accuracy. These features are especially useful in
Analyzing replay footage during heated moments helps referees see clear visual data, so they can make smarter,
more confident calls. [15, 102].

Computer vision really shines when it comes to clearing up confusion in fast-moving situations that can trip
up humans, like quick tackles in a game, crowded penalty box incidents, or borderline offside calls. Systems
can automatically generate heatmaps, movement vectors, and even skeletal body models of players to highlight
contact points or illegal positioning [37, 119]. These visual overlays offer clarity and evidence for officials
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reviewing incidents via the Video Assistant Referee (VAR) system. Additionally, computer vision enhances
transparency by making it possible to share visual insights with fans and broadcasters, contributing to a
more informed and engaged audience [89, 109]. With continued advancements in real-time processing and
3D modeling, computer vision is poised to become an indispensable pillar in creating a more accurate and
consistent refereeing ecosystem.

1.6.2 Predictive Models for Officiating Support
Beyond replay analysis, artificial intelligence is also being utilized to develop predictive models that support
officiating decisions before or as incidents unfold. These models use historical match data, player behavior
patterns, and contextual variables (such as speed, proximity, angle of approach, and match context) to predict
the likelihood of controversial or foul-inducing situations [33, 169]. By training machine learning algorithms—like
random forests, gradient boosting machines, or recurrent neural networks—on large annotated datasets, these
systems can identify trends that human referees might miss in real-time [21, 42]. For example, an AI model
might recognize a high-risk tackling pattern based on a defender’s past movements or anticipate a potential
dive by analyzing deceleration curves and fall trajectories [63, 114].

Such predictive tools are not designed to replace referees, but to augment their judgment by providing
additional context or alerting them to high-risk scenarios. During live matches, these models can function in
the background, flagging suspicious movements or foul probability spikes to the VAR team or fourth official,
thereby acting as a second line of oversight [96, 148]. Additionally, predictive officiating support tools can play
a critical role in post-match review and referee training. By analyzing decisions retrospectively and comparing
them to AI-generated expectations, football associations can enhance referee education, reduce future errors,
and ensure greater consistency in decision-making across different leagues and competitions [107, 164].

However, while the promise of AI in refereeing is immense, its integration must be handled with care. The
interpretability of AI decisions, model bias due to imbalanced datasets, and the ethical implications of delegating
critical decisions to machines are all active areas of concern [12, 78]. Transparency in model design, regular
validation, and collaboration between AI developers and refereeing bodies are essential to ensure that predictive
systems remain fair, explainable, and aligned with the sport’s core principles. As the technology matures, it
is likely that predictive AI tools will become a standard part of football’s officiating infrastructure, helping to
usher in a new era of precision and professionalism [125, 144].

1.7 Advanced Match Analytics

1.7.1 Heat Maps, Pass Networks, and Positional Data
Advanced match analytics have revolutionized how football is understood, coached, and played. Among the
most significant innovations are the use of heat maps, pass network diagrams, and positional data to provide
rich, visual insights into player behavior, team coordination, and tactical execution [22, 69, 70]. Heat maps show
where a player moves and the parts of the field they’re most active in, making it easy to see which areas they
spend the most time in. These visualizations can indicate whether a player effectively covered their assigned role
or drifted into other tactical zones, thereby aiding coaches in performance evaluation and match preparation
[14, 127]. For instance, full-backs with high heatmap activity in the attacking third may suggest a team’s
emphasis on overlapping runs and width exploitation.

Pass network analysis, on the other hand, maps out passing interactions among team members using nodes
and edges. Each player is represented as a node, and passes between them form the connecting edges [48, 128].
This method reveals patterns like key passing triangles and which players tend to stay in control of the ball
more often, and the overall fluidity of a team’s ball circulation. Such insights are crucial for evaluating whether
a team maintained compactness, over-relied on specific players, or failed to penetrate key zones. Furthermore,
positional data, collected through GPS and optical tracking systems, enables analysts to reconstruct player
and ball movements with centimeter-level accuracy [104, 145]. By aligning this data with game phases—such
as transition, buildup, or pressing—coaches and analysts can assess formation integrity, spacing, and off-ball
dynamics [112].

Collectively, these tools provide a multidimensional understanding of football beyond traditional statistics
like goals, assists, or possession percentage. They allow clubs to diagnose problems, personalize training, and
simulate different match scenarios using real evidence, which is invaluable for competitive performance opti-
mization in modern football [135, 151].

1.7.2 AI and Strategy Optimization
Artificial Intelligence has really changed how people study football. It uses stuff like predictive models and opti-
mization tricks to help teams decide on tactics and lineups. [23, 44]. AI can analyze vast datasets encompassing
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player performance metrics, opposition tendencies, weather conditions, fatigue levels, and even psychological
profiles to suggest the optimal starting eleven or tactical formation for a given match. These strategy opti-
mization models go beyond static statistics and integrate machine learning techniques—such as reinforcement
learning, genetic algorithms, and neural networks—to simulate countless game scenarios and identify the most
effective configurations for desired outcomes [45, 95].

One powerful application is predictive tactical simulation, where AI models forecast how a particular forma-
tion or playing style will perform against a specific opponent [149]. For instance, if a team is playing against a
high-pressing side, AI tools might recommend a more direct passing strategy or a formation with more compact
midfield lines to resist pressure. Additionally, AI-driven tools can analyze substitution patterns and fatigue
data to recommend real-time lineup changes that maximize team performance while minimizing injury risk
[138]. These systems help coaches make evidence-based decisions that enhance both short-term match success
and long-term player development [29].

AI is also instrumental in opponent analysis. By studying thousands of hours of match footage and historical
data, AI can detect weaknesses in rival teams—such as vulnerability to through balls, poor aerial duels, or
uncoordinated pressing triggers—and suggest tailored counter-strategies [43]. When combined with real-time
data collection during matches, AI becomes a dynamic assistant capable of updating tactical advice on the fly,
ensuring that the coaching staff can react swiftly to unfolding events on the pitch [85].

Despite these advancements, AI-based strategy tools are not meant to replace human intuition and experi-
ence. They act as helpful tools that give decision-makers strong, data-driven insights to back up their choices.
As the integration of AI deepens, clubs with the resources and expertise to leverage these technologies are likely
to maintain a significant strategic edge in the increasingly data-driven landscape of elite football [77, 136].

1.8 The Impact of Technology on the Fan Experience

1.8.1 Augmented Reality and Immersive Viewing
The intersection of technology and the fan experience has ushered in a new era of immersive viewing and
augmented reality (AR), transforming how supporters engage with football beyond the traditional matchday
[126, 141, 165]. Augmented reality allows fans to experience live games through enhanced visual overlays, where
real-time data such as player statistics, tactical formations, and game statistics are superimposed onto the live
footage [38, 100]. This immersive experience goes beyond mere visual aesthetics; it offers fans an interactive
and educational layer that enhances their understanding of the game [17, 155]. For instance, viewers might see
the positions of key players in real time, offering a deeper appreciation of tactical movements, off-ball runs, or
defensive structures. AR can also bring in things like fun, moving graphics, so fans can interact with player
profiles and get more involved, stats, or replay key moments in 3D from multiple angles, all directly within their
viewing interface [35].

For football clubs and broadcasters, AR offers a unique opportunity to captivate audiences by providing
custom content tailored to individual preferences [54, 146]. Fans can select specific data points, such as a
particular player’s heatmap or the number of successful passes in a half, to deepen their involvement with the
match [83, 167]. In stadiums, AR can enhance the live experience by offering fans personalized content directly
through their mobile devices or even stadium AR glasses [35, 155]. The physical environment of the stadium
itself can also be augmented with information-rich displays, guiding fans to their seats, offering venue-related
details, and even facilitating interactive engagement during downtime, such as half-time or breaks in play [126].

The rise of virtual reality (VR) also complements this shift by offering entirely immersive environments, where
fans can watch live or recorded matches as if they were physically present on the pitch [100, 141]. VR headsets
simulate the stadium environment, offering a 360-degree view of the match, thus replicating the intensity of
being at the ground [38, 165]. Such technologies are especially beneficial for fans who cannot attend matches in
person due to geographical or financial constraints, as they provide an affordable and engaging alternative to
in-person experiences [17, 54].

1.8.2 Data-Driven Engagement Platforms
As football becomes increasingly data-centric, data-driven engagement platforms are reshaping how fans interact
with the sport [58, 129]. These platforms leverage the power of data analytics, AI, and machine learning to
offer personalized content, insights, and interaction channels for supporters [92, 101]. Through mobile apps
and digital platforms, fans can access real-time performance metrics, detailed player statistics, and tactical
breakdowns—many of which were once confined to coaches and analysts—thus elevating the level of interaction
between the game and the viewer [54, 165].

These platforms allow fans to track not only the outcome of games but also the finer aspects of individual
and team performance, such as distance covered, passing accuracy, and even emotional sentiment through social
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media analysis [58, 101]. By aggregating data from various sources, these platforms create a rich, personalized
experience where fans can receive notifications about their favorite teams or players, suggest tailored content
based on their viewing habits, and participate in real-time polls or trivia [83, 92]. Furthermore, social features
such as fan forums, live discussions, and voting platforms enable a deeper sense of community engagement
[129, 146]. Fans can interact with each other, share insights, and express opinions during the game, further
blurring the lines between passive spectatorship and active participation [58, 83].

Beyond engagement, data-driven platforms also foster fan loyalty by incorporating gamification features
[92, 101]. Fans can earn rewards for engagement, such as exclusive content, merchandise, or virtual tokens,
creating a more interactive and rewarding experience [54, 129]. Fantasy football leagues, driven by performance
data, offer another avenue for fans to engage in a more strategic manner, where they can build their dream teams
and compete against others in a virtual setting [58, 146]. These platforms use predictive models to forecast
future performances, keeping fans engaged with their fantasy teams and players even during the off-season
[92, 101].

Moreover, brands and sponsors increasingly use data to tailor advertisements and sponsorships to specific
audience segments [83, 129]. By tracking user preferences and behavior, they can deliver targeted, relevant
ads that align with a fan’s interests, enhancing both the fan experience and commercial opportunities [54, 101].
This shift in how sponsorships and advertisements are presented makes the fan experience more relevant and
personalized, as opposed to the one-size-fits-all approach traditionally seen in sports marketing [58, 146].

In summary, data-driven engagement platforms provide an all-encompassing digital ecosystem where fans
can interact, analyze, and immerse themselves in football like never before [92, 165]. These platforms empower
fans by giving them access to unprecedented amounts of data, allowing them to make more informed decisions,
engage with their favorite teams in new ways, and participate in the football community on a deeper level
[83, 101].

1.9 Ethical, Financial, and Cultural Challenges

1.9.1 Data Privacy and Surveillance in Football
As football increasingly integrates advanced technologies such as AI, wearable devices, and performance ana-
lytics, concerns surrounding data privacy and surveillance have emerged [27, 65, 116]. The rise of data-driven
solutions in football often involves the collection of personal and sensitive information about players, coaches,
and even fans. Wearable sensors and tracking devices gather vast amounts of data, ranging from physical
performance metrics to health information. While this data can be used to enhance performance and prevent
injuries, it also raises ethical questions about how the information is stored, who controls it, and how it is used
[113, 161].

For players, the constant monitoring of their physical movements, health status, and personal data could
lead to privacy violations if mismanaged [13]. The notion of athletes being under continuous surveillance can
lead to a lack of autonomy and could infringe upon their personal rights. There is also the risk of data breaches,
where sensitive health information, including injury history or performance-related data, could be exposed to
third parties without consent [81]. In addition, as football clubs and organizations gather increasing amounts
of data, questions arise regarding the ownership of such information and its potential for exploitation, such as
selling data to external advertisers or using it for financial gain without the explicit consent of the players [28].

For fans, the digitalization of football through mobile apps and fan engagement platforms may lead to a
more invasive form of data collection [65, 161]. Advertisers and sponsors often gather data on fan preferences,
viewing habits, and interactions with digital content, raising concerns over the tracking and sale of personal
data without full transparency or control. As such, the issue of data ethics in football is complex, balancing
the potential benefits of personalized experiences with the right to privacy [116].

1.9.2 The Economic Divide in Access to Technology
While technology has the potential to revolutionize football by improving performance analysis, refereeing
accuracy, and fan engagement, its adoption is not without significant financial barriers [94, 113, 166]. The
economic divide between wealthy and less financially endowed football clubs, leagues, and countries has been
a persistent challenge. Clubs in the wealthiest leagues, such as the English Premier League or La Liga, are
able to afford cutting-edge technologies such as VAR, advanced tracking systems, and AI-powered performance
analytics. These technologies enhance their competitiveness and allow them to stay ahead of rivals [13, 81].

However, smaller clubs, especially those in lower divisions or in developing footballing nations, often lack
the financial resources to implement these technologies [166]. This naturally causes the game quality to become
uneven, where wealthier clubs enjoy superior technological advantages, while others struggle to compete at the
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same level. The economic disparity extends beyond the clubs themselves to the broader football ecosystem, in-
cluding training facilities, broadcasting capabilities, and even access to professional staff capable of implementing
these technologies [27, 94].

In addition, the growing reliance on technology may deepen the divide between traditional and emerging
football markets [116]. For instance, smaller or less established leagues may find it increasingly difficult to
attract top-tier talent or gain commercial sponsorship if they are unable to adopt the same level of technological
innovation as their wealthier counterparts. The global commercialization of football further exacerbates this
gap, where financial resources play a more decisive role than sporting talent in ensuring competitive success
[161].

Figure 1.3: Football Club Market By Regional Line Technology Example applied [110]

1.9.3 Preserving the Human Essence of the Game
One of the major concerns in the increasing role of technology in football is the potential loss of the human
essence of the game [94, 113]. Football has always been celebrated for its unpredictability, emotion, and human
connection, qualities that have made it a beloved sport worldwide. As technologies such as AI, machine learning,
and automation become more ingrained in the game, there are fears that the traditional spirit of football could be
undermined [13, 65]. The use of AI in officiating, for example, while reducing human error, has sparked debates
about whether these systems could remove the human touch from crucial decisions, such as awarding a penalty
or interpreting a foul. The reliance on predictive analytics and data-driven strategies in team management
might also risk turning football into a more mechanical, formulaic experience, removing some of the creativity
and improvisation that define the game [28, 116].

Furthermore, while technologies like VAR aim to reduce errors, they also disrupt the flow of the game,
leading to pauses and delays that can affect the emotional highs and lows that fans cherish [81]. Some critics
argue that the growing commodification of football through digital platforms, fantasy leagues, and data-driven
fan experiences can also alienate traditional fans, who long for a more personal and emotionally rich connection
with the sport [161, 166]. This trend toward digitalization, while offering enhanced engagement and interaction,
might lead to a detachment from the visceral, human-centric experience that made football so universally
appealing [27, 94].

Thus, the human element—the unpredictability of individual talent, the raw emotion of matches, and the
atmosphere created by fans—may be at risk in an increasingly technological and commercialized environment
[65, 113].

13



CHAPTER 1. THE TRANSFORMATION OF FOOTBALL WITH TECHNOLOGY

1.10 Conclusion
Today, football has evolved far beyond its traditional identity as a simple sport played on the pitch—it has
become a complex global system that weaves together passionate fandom, immense economic potential, and
rapid scientific advancement. Over the past few decades, the game has undergone a profound transformation
in how it is managed, analyzed, and experienced, particularly with the integration of technology into decision-
making processes on and off the field. The evaluation of players’ performances and tactical approaches is no
longer based solely on human observation; algorithms now provide precise, real-time insights that have redefined
how matches are prepared for and played, opening up new strategic frontiers for both clubs and national teams.

Artificial intelligence and machine learning technologies have triggered a revolution in the way training
sessions are conducted and performance is assessed. Every movement made by a player can now be tracked,
quantified, and interpreted through advanced statistical models that surpass the limitations of human intuition.
With the aid of computer vision, video analysis has grown significantly more detailed and actionable, enabling
coaching staff to deeply understand not just their own players, but also their opponents. At the same time,
referee-assistance technologies—such as the Video Assistant Referee (VAR) system and goal-line technology—
have drastically reduced the margin for error and reinforced the game’s fairness and credibility.

This convergence of sport and technology is not merely a superficial trend; it reflects a deeper shift in the
philosophy of football itself. Where success once relied primarily on innate talent and tactical instinct, it now
increasingly depends on a team’s ability to harness the power of data, prediction models, and intelligent systems.
In this new era, football is being redefined—where scientific insight becomes an integral part of both the beauty
and competitiveness of the game. As we continue to witness this transformation, one thing is clear: the future
of football will not be shaped solely on the pitch, but also in data centers, analytical labs, and smart platforms
that support and elevate the game to new heights.
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Chapter 2

Artificial Intelligence and Visual
Computing in Football

2.1 Introduction
Artificial Intelligence, or AI, is a part of computer science that focuses on creating systems that can do things
usually requiring human thinking, such as learning, reasoning, and decision-making. This is achieved using
mathematical models and computational algorithms that mimic human cognitive processes.

Figure 2.1: Overview of AI components relevant to football analysis

2.2 Applications of Artificial Intelligence
AI has numerous applications in data analysis, including:

2.2.1 Data Mining
AI helps with data mining by looking through huge amounts of data to find patterns and connections that aren’t
obvious at first. [71]. This is done using algorithms such as clustering, which minimizes the distance between
points within each group using the K-Means algorithm [108].

2.2.2 Machine Learning
Machine learning encompasses various approaches to developing predictive models [115]. Below are some key
learning paradigms:
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Supervised Learning

Supervised learning is a key part of machine learning. It’s all about creating models that can make predictions,
and it relies on training data that already has the right answers labeled. It is characterized by the presence of
input-output pairs, where the objective is to learn a mapping from inputs to outputs that generalizes well to
unseen data [24]. The model is trained on a dataset wherein each instance is associated with a correct output
label, enabling the learning algorithm to adapt its internal parameters accordingly.

This approach has worked really well in many different real-life situations. In image recognition, for example,
supervised learning models are capable of distinguishing between different object categories, such as identifying
animals in photographs [91]. In natural language processing, it’s what helps with tasks like figuring out how
people feel in their writing, like whether comments are positive or negative, where the model is trained to
classify text as expressing positive or negative opinions [64]. Financial forecasting, medical diagnosis, and
speech recognition are also domains where supervised learning has showed that it worked really well [74].

A notable advantage of supervised learning is its interpretability and predictability when trained with high-
quality labeled data. However, its performance is heavily contingent on the availability of large, accurately
labeled datasets. Labeling data is often expensive, time-consuming, and subject to human error, which may
limit the applicability of supervised approaches in some domains. Nevertheless, supervised learning remains an
indispensable tool in machine learning, serving as the foundation for many modern intelligent systems.

Linear Regression

Linear regression is a fundamental technique in supervised learning that seeks to model the relationship between
one or more input features and a continuous output variable [74]. Rather than being limited to a single predictor,
the general form of a linear regression model can incorporate multiple independent variables, capturing complex
relationships through a linear combination of features:

y = β0 + β1x1 + β2x2 + · · ·+ βnxn + ϵ (2.1)

where:

• y is the predicted output variable,

• β0 is the intercept term,

• β1, β2, . . . , βn are the regression coefficients corresponding to each input feature x1, x2, . . . , xn,

• ϵ represents the random error or noise that accounts for variability not explained by the model.

This generalized model enables the representation of multidimensional data, making linear regression appli-
cable in a wide range of practical domains, including finance, healthcare, and sports analytics.

Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNs) are a class of supervised learning models inspired by the information pro-
cessing structure of biological neural systems [75]. They are composed of layers of interconnected nodes, or
”neurons”, each of which processes input data by applying a linear transformation followed by a non-linear
activation function. This layered structure allows ANNs to learn hierarchical feature representations from raw
data, enabling the modeling of highly complex and non-linear relationships.

The architecture of a typical ANN consists of an input layer, one or more hidden layers, and an output layer.
Each connection between neurons is associated with a weight that determines the strength of the transmitted
signal. During the training phase, these weights are iteratively adjusted using optimization algorithms—most
Stochastic gradient descent, especially when used with a loss function that measures how wrong the predictions
are.

A central element of ANNs is the activation function, which introduces non-linearity into the model. Without
this non-linearity, the network would essentially behave like a linear model regardless of its depth. Common
activation functions include the sigmoid, hyperbolic tangent (tanh), and rectified linear unit (ReLU). These
functions enable the network to capture complex patterns and decision boundaries in the input space.

Unsupervised Learning

Unlike supervised learning, unsupervised learning does not rely on labeled data [24]. The goal is to find the
hidden patterns, structure, or trends in the data without expecting specific results beforehand. This type of
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learning is particularly valuable when annotations are unavailable or expensive to obtain, making it highly
applicable in exploratory data analysis and knowledge discovery.

Unsupervised learning algorithms operate by analyzing the intrinsic properties of the data. They attempt
to group, associate, or reduce the data in ways that reveal meaningful relationships. Common tasks include
clustering, dimensionality reduction, density estimation, and anomaly detection. Through these tasks, models
can identify hidden patterns or latent variables that describe the observed data more compactly or coherently.

One of the most widely used unsupervised learning techniques is K-Means Clustering, which partitions a
dataset into k non-overlapping clusters based on similarity [108]. The algorithm starts by initializing k centroids,
then iteratively assigns each data point to the nearest centroid and updates the centroids as the mean of the
assigned points. This process continues until convergence, typically defined as minimal changes in the centroids’
positions.

Figure 2.2: Clustering of Manchester United progressive passes

2.2.3 Image and Video Analysis (Computer Vision)
Computer vision enables machines to interpret and process visual data [154]. A key approach in this field is the
use of Convolutional Neural Networks (CNNs) [98], where models learn patterns through convolutional
filters applied to input images.

Convolutional Operation

Given an input image with dimensions:

• Hin ×Win – Height and width of the input image.

• K – Kernel size (assumed square, i.e., K ×K).

• P – Padding size.

• S – Stride (step size of the filter movement).

The output dimensions after applying a convolutional filter are computed as:

Hout =
Hin −K + 2P

S
+ 1 (2.2)

Wout =
Win −K + 2P

S
+ 1 (2.3)

Total Number of Pixels After Filtering

The total number of pixels in the output feature map, considering Nf filters, is given by:
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Total Pixels = Hout ×Wout ×Nf (2.4)

2.3 Deep Learning
Deep learning is a part of machine learning that uses deep neural networks to find complicated patterns in big
sets of data. It uses math ideas and deep neural networks (DNNs) to pick out complex patterns in data. Unlike
traditional machine learning, deep learning models are trained with multiple hidden layers, enabling automatic
learning of high-level representations [67].

Figure 2.3: Deep learning application for analyzing football tactics [5]

2.3.1 Deep Learning Architecture
A neural network is a mathematical structure inspired by the human brain, consisting of multiple layers of
neurons, where data propagates through:

• Input Layer

• Hidden Layers

• Output Layer

The output of a neuron is computed as:

z =

n∑
i=1

wixi + b (2.5)

a = σ(z) (2.6)

Where:

• wi are the weights,

• xi are the inputs,

• b is the bias,

• σ(z) is the activation function applied to the weighted sum [120].
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Activation Functions

Non-linear functions are used to enhance the model’s learning ability [121]:

• Sigmoid Function: Suitable for binary classification.

• ReLU (Rectified Linear Unit): Enhances training stability.

• Softmax Function: Used for multi-class classification.

Figure 2.4: Common activation functions used in neural networks [1]

The Softmax function is defined as:

σ(zi) =
ezi∑n
j=1 e

zj
(2.7)

Where:

• zi represents the input to the i-th neuron,

• The denominator ensures the outputs sum to 1.

Training Mechanism in Deep Learning

The learning process involves the following steps [142]:

1. Forward Propagation: Computes the predicted output.

2. Loss Function Calculation:

• Mean Squared Error (MSE):
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MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2.8)

Where:

– yi is the actual value,

– ŷi is the predicted value,

– n is the number of samples.

• Cross-Entropy Loss:

For binary classification:

L = − 1

n

n∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] (2.9)

For multi-class classification:

L = −
n∑

i=1

k∑
j=1

yij log(ŷij) (2.10)

Where:

– yij is the actual class label,

– ŷij is the predicted probability,

– k is the number of classes.

3. Backpropagation: Updates network parameters based on error gradients [143].

4. Weight Updates Using Gradient Descent Algorithm [87].

Figure 2.5: Backpropagation process in neural network training [2]

Deep learning models utilize multiple hidden layers to extract complex patterns. Common architectures
include [99]:
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• Convolutional Neural Networks (CNNs) - Used for image analysis.

• Recurrent Neural Networks (RNNs) - Used for sequential data and NLP tasks.

• Transformer Networks (e.g., BERT, GPT) - Used for natural language processing [162].

Figure 2.6: deep neural network architectures [6]

Comparison of Deep Learning and Traditional Machine Learning

Table 2.1: Comparison of Deep Learning vs. Traditional Machine Learning [118]

Feature Deep Learning Traditional Machine Learn-
ing

Feature Extraction Learns features automatically Requires manual feature extrac-
tion

Performance with Big Data Very high performance Moderate performance
Interpretability Less interpretable (black box) More interpretable
Computational Complexity Higher Lower
Applications Computer Vision, NLP Simple classifications, linear mod-

els

2.4 Computer Vision
Computer Vision is a prominent subfield of artificial intelligence (AI) that focuses on enabling machines to
perceive and interpret the visual world in a manner similar to human vision [153]. The aim is to build algorithms
and models that help computers automatically look at images and videos, understand what’s in them, and do
things like find objects, recognize them, separate different parts, and keep track of things over time.This domain
plays a big role in many areas, like self-driving cars, medical imaging, and video security..

The process of computer vision involves multiple steps, such as image acquisition, preprocessing, feature
extraction, and pattern recognition. Initially, raw images are captured by cameras or sensors, which are then
processed to remove noise and enhance relevant features. Deep learning methods, particularly convolutional
neural networks (CNNs), have proven to be highly effective in learning hierarchical feature representations
directly from the raw pixel data [99]. CNNs excel at tasks like image classification, where the goal is to assign
a label to an image, and object detection, where the goal is to locate and classify multiple objects within an
image.
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2.5 Digital Image Processing
A digital image is represented as a matrix I(x, y) with pixel values that indicate the intensity of light at each
point,
where:

• x, y represent the pixel coordinates.

• I(x, y) is the pixel value (ranging between 0 and 255 for grayscale images or RGB values for colored
images) [66].

2.6 Deep Learning in Computer Vision
Convolutional Neural Networks (CNNs) are used to process images and videos automatically [90].

2.6.1 Convolutional Neural Networks (CNNs)
CNNs rely on convolution operations to extract features from images. The convolution operation is mathemat-
ically represented as [50]:

Figure 2.7: CNN architecture used for player detection in football matches [4]

• Hin ×Win → Height and width of the input image.

• K → Kernel size (assumed square, i.e., K ×K).

• P → Padding size.

• S → Stride (step size of the filter movement).

The output height and width after applying a convolutional filter are given by:

Hout =
Hin −K + 2P

S
+ 1 (2.11)

Wout =
Win −K + 2P

S
+ 1 (2.12)

2.6.2 CNNs Architecture
• Convolution Layer: Extracts features.

• Pooling Layer: Reduces data size [147].

• Fully Connected Layers: Make final decisions.
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• Training with Backpropagation Algorithm: Updates the weights [97].

Figure 2.8: Different layers in a CNN used for football video analysis

2.7 Applications of Computer Vision in Sports
• Player Performance Analysis: Tracking movements using the Optical Flow Algorithm to detect player

motion in each frame.

• Player and Ball Detection: Using YOLO (You Only Look Once) to detect players and analyze the
ball’s movement by predicting its future trajectory.

• Smart Refereeing (VAR): Utilizing Deep Neural Networks (DNNs) to detect offside and fouls, as well
as analyzing ball trajectory to make accurate decisions using Reinforcement Learning.

(a) Player tracking using computer vision [7] (b) Ball tracking and trajectory prediction [3]

Figure 2.9: Computer vision applications in football analysis

2.8 R-CNN (Regions with CNN Features)
R-CNN (Regions with Convolutional Neural Network Features) represents a significant advancement in the
field of object detection by integrating region proposal mechanisms with powerful convolutional neural network
architectures [61]. The core idea behind R-CNN is to first generate a set of candidate region proposals from an
input image using selective search. Each of these proposed regions is then resized and passed through a CNN
to extract a fixed-length feature vector, which is subsequently classified using a set of class-specific linear SVMs.
R-CNN also has a step that tweaks the bounding boxes to make the object locations more accurate.
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Despite achieving high accuracy, R-CNN suffers from several drawbacks. The process of extracting features
from thousands of region proposals per image is computationally expensive and results in slow inference times,
making it impractical for real-time applications. The multi-step training setup, which includes the CNN, SVMs,
and box regressors, makes things more complicated and takes longer to train.

2.9 Fast R-CNN
Fast R-CNN was introduced as an improvement over the original R-CNN, addressing its computational
inefficiencies and simplifying the training pipeline [60]. In Fast R-CNN, instead of feeding individual region
proposals through the CNN separately, the entire image is passed through a CNN to produce a convolutional
feature map. Region proposals are then projected onto this feature map, and fixed-length feature vectors are
extracted using a region of interest (RoI) pooling layer. These feature vectors are fed into fully connected layers
that simultaneously perform classification and bounding box regression.

This change in the design cuts down on how much work the system has to do by avoiding repeated CNN
passes over the same overlapping areas. That means training and running the model gets quicker. Fast R-CNN
uses one combined loss that handles both telling what an object is and where it’s located, all at once, leading
to improved detection accuracy and a more streamlined training process.

2.10 Faster R-CNN
Faster R-CNN, proposed by Shaoqing Ren et al. in 2015, represents a breakthrough in object detection
by integrating region proposal generation directly into the network architecture [137]. This is achieved through
the introduction of a Region Proposal Network (RPN), which shares convolutional layers with the detection
network. The RPN efficiently generates high-quality region proposals by sliding a small network over the shared
feature maps and predicting object bounds and scores at each position.

Faster R-CNN is much quicker at detecting objects because it no longer needs extra algorithms like selective
search to suggest regions. It still keeps a high level of accuracy too. Training both the RPN and Fast R-CNN
together in one system makes the learning smoother and helps the whole thing work better.

Faster R-CNN is now a key part of how we detect objects these days and is used in lots of real-world stuff,
including autonomous driving, where precise and real-time detection of pedestrians and vehicles is critical,
and intelligent surveillance, where accurate object tracking and recognition are essential for security and
monitoring systems.

2.11 Difference Between R-CNN and Faster R-CNN

R-CNN Faster R-CNN
Very slow Much faster due to RPN
Relies on Selective Search Uses RPN
Each region needs to pass through CNN separately Features are extracted only once

Table 2.2: Comparison of R-CNN and Faster R-CNN

2.12 Difference Between Fast R-CNN and Faster R-CNN
• Fast R-CNN uses Selective Search to generate region proposals, which is computationally expensive.

• Faster R-CNN replaces Selective Search with a Region Proposal Network (RPN), significantly
improving speed.

2.13 YOLO (You Only Look Once): Speed and Accuracy
YOLO, introduced by Joseph Redmon et al. in 2016 [134], revolutionized object detection with real-time
processing and good accuracy. The model divides the image into a grid, predicts bounding boxes, and selects
the best boxes based on confidence scores.
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Figure 2.10: YOLO architecture for real-time player and ball detection [9]

2.13.1 Confidence Score Calculation
The confidence score for each predicted bounding box is given by:

C = P (object)× IOU(predicted box, ground truth box) (2.13)

Where:

• P (object) is the probability that an object is present in the cell.

• IOU (Intersection over Union) measures how much the predicted bounding box overlaps with the
ground truth box.

2.13.2 YOLO Loss Function
The loss function in the YOLO (You Only Look Once) object detection framework is a critical component
that guides the training process by measuring how well the predicted outputs match the ground truth. It is
carefully designed to handle multiple tasks simultaneously, including object localization, confidence estimation,
and classification. Rather than using separate models for detection and classification, YOLO combines them
into a single neural network architecture, which requires a compound loss function to optimize all components
jointly [134].

The YOLO loss function comprises several distinct components. The first is the localization loss, which
penalizes errors in the predicted bounding box coordinates, including the position and size of the box. This
ensures that the predicted boxes align accurately with the actual objects in the image. The loss gives more
importance to boxes that are responsible for detecting objects, using a special indicator that activates only
when an object is present in a given grid cell.

Secondly, the loss function includes a confidence loss, which reflects how certain the model is about the
presence of an object in each predicted bounding box. If a box is not responsible for detecting an object, a
different term with lower weight is used to avoid over-penalizing the network for predicting objects where there
are none [132]. This separation of object and non-object confidence losses helps balance the network’s learning
and prevents it from becoming biased toward the majority class (usually the background).

Lastly, the classification loss measures how accurately the model predicts the correct class for each detected
object. YOLO predicts a probability distribution over all possible object classes for each box that is responsible
for detection, and this component penalizes deviations from the correct class labels.

To achieve optimal performance, YOLO introduces specific hyperparameters that balance the contribution
of each component. For example, it assigns greater weight to localization errors to prioritize precise bounding
box placement, and reduces the weight for boxes with no objects to mitigate the effect of background clutter
[26].

Overall, the YOLO loss function plays a crucial role in enabling real-time object detection by optimizing for
both speed and accuracy in a unified framework. This balance has made YOLO a popular choice for applications
such as autonomous vehicles, real-time video analysis, and sports analytics, where detecting multiple objects
efficiently is essential.
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Figure 2.11: YOLO detection results on a football match frame [10]

2.14 DETR (Detection Transformer)
DETR (DEtection TRansformer) was introduced in 2020 by Nicolas Carion et al. at Facebook AI
Research (FAIR) [36]. It is one of the revolutionary models that use Transformer technology instead of
traditional CNN networks for object detection in images and videos.

The model relies on the concept of Self-Attention, as used in models like BERT and GPT, allowing it
to learn directly from images without traditional mechanisms like RPN or Anchor Boxes.

2.14.1 DETR Architecture
1. Feature Extraction: The image is passed through a backbone CNN (such as ResNet-50 or ResNet-101)

to extract high-level representative features.

2. Sequence Representation: The extracted image features are converted into a sequential represen-
tation used as input for the Transformer.

3. Transformer Encoder-Decoder: The Self-Attention mechanism is applied to determine relation-
ships between different image features.

4. Decoder: A set of Object Queries is used to identify object locations without the need for region
proposal mechanisms (RPN) like in Faster R-CNN.

5. Object Detection Head: A classification and bounding box regression head is used to generate Bound-
ing Boxes and object categories.

DETR uses a Matching Loss function to determine the alignment between predictions and ground truth,
which is a combination of GIoU loss for bounding boxes and Cross-Entropy loss for classification.
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2.14.2 DETR Loss Function

The fundamental loss function equation used in DETR (DEtection TRansformer) is based on Hungar-
ian Matching and combines GIoU loss for bounding boxes with Cross-Entropy loss for classification.
The loss function can be formulated as follows:

L =

N∑
i=1

[
Lcls(ci, ĉσ(i)) + λboxLbox(bi, b̂σ(i)) + λgiouLgiou(bi, b̂σ(i))

]
(2.14)

where:

• N is the number of objects in the ground truth.

• σ(i) represents the optimal assignment of predictions to ground truth objects using the Hungarian
algorithm.

• Lcls is the Cross-Entropy loss for classification.

• Lbox is the L1 loss for bounding box regression.

• Lgiou is the Generalized IoU loss for bounding boxes.

• ci and ĉσ(i) are the ground truth and predicted class labels, respectively.

• bi and b̂σ(i) are the ground truth and predicted bounding boxes, respectively.

• λbox and λgiou are hyperparameters to balance the losses.

This loss function ensures proper classification, localization, and alignment of bounding boxes with
the ground truth.

DETR removes the need for RPN and Anchor Boxes, simplifying training and helping learn long-range
object relationships in an image through the Self-Attention mechanism. It provides strong performance on
datasets like COCO, but at a lower speed compared to YOLO.

2.15 ViTDet (Vision Transformer for Detection)
ViTDet was introduced in 2022 as an enhancement of Transformers for computer vision tasks [103]. It
primarily relies on Vision Transformer (ViT) instead of CNNs for feature extraction, allowing for more
efficient processing and better utilization of global context in images.

Figure 2.12: ViTDet architecture for advanced football scene understanding [8]
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2.15.1 ViTDet Architecture
• Uses ViT for feature extraction instead of CNNs, providing higher accuracy for complex images.

• Applies Transformer Encoder-Decoder, similar to DETR, but with improvements in segmentation
and network adaptation for object detection data.

• Object prediction is performed using a classification and detection head based on ViT features, with
FPN (Feature Pyramid Network) enhancements to improve accuracy.

2.15.2 Self-Attention Equation

ViTDet introduces Multi-Scale Self-Attention, allowing processing at different levels of detail. The
equation for Self-Attention is:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (2.15)

where:

• Q (Query), K (Key), and V (Value) are the input feature representations.

• dk is the dimension of the key vectors.

• The softmax function normalizes attention scores.

This mechanism allows ViTDet to achieve better feature representation across different spatial scales.

2.16 Full Computer Vision Models Comparison

maincolor!10
Model

Year Accuracy (mAP) Speed (FPS) Complexity Stages Region Pro-
posal Method

Backbone Applications

R-CNN 2014 ∼66% (VOC) 0.02 - 0.1 Very High Multi (3) Selective Search CNN (AlexNet) Image Analysis,
Object Recogni-
tion

Fast R-
CNN

2015 ∼70% (VOC) 1-2 Medium Two-stage Selective Search CNN (VGG-16) Image Analysis,
Computer Vi-
sion

Faster R-
CNN

2015 ∼76-80% (COCO) 5-17 Lower Two-stage RPN CNN (ResNet) Autonomous
Driving, Surveil-
lance

YOLOv1 2016 ∼63% (VOC) 45 Low Single-stage Grid-based CNN (Darknet-
19)

Real-time Appli-
cations

YOLOv3 2018 ∼57.9% (COCO) 30-60 Medium Single-stage Grid-based CNN (Darknet-
53)

Video Surveil-
lance

YOLOv5 2020 ∼50-56% (COCO) 60-140 Very Low Single-stage Grid-based CNN (CSPDark-
net)

Robotics,
Drones

YOLOv8 2023 ∼53-60% (COCO) 120-180 Very Low Single-stage Grid-based CNN (Efficient-
Net)

Real-time Appli-
cations

DETR 2020 ∼45-50% (COCO) 15-30 Very High Single-stage Transformer Vision Trans-
former

Autonomous
Driving

ViTDet 2022 ∼55-60% (COCO) 10-25 Very High Single-stage Transformer Vision Trans-
former

Advanced Vision
Applications

Table 2.3: Comparison of Object Detection Models

2.17 Conclusion
The evolution of object detection models has shown remarkable progress over the past decade. From the
early R-CNN models to the latest transformer-based architectures like DETR and ViTDet, each advancement
has brought improvements in accuracy, speed, or both. While CNN-based models like YOLO continue to
dominate real-time applications due to their speed, transformer-based models offer superior accuracy and context
understanding for more complex scenarios. The choice of model depends on the specific requirements of the
application, with sports analytics benefiting from both approaches depending on whether real-time processing
or detailed analysis is prioritized.
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Chapter 3

Tracking and Analysis Players in
Football Modeling and Implementation

3.1 Introduction
After what we have done of defining modern football and the intervention of technology in its development and
modernity more and more and reducing errors in many human decisions and after we studied most of the models
of artificial intelligence, delving deeper into computer vision more because it is the focus of our connection of
artificial intelligence with football, now we have reached the biggest task, which is the practical application of
integrating the contents of the first and second chapters to give results that are good to reduce human errors
in football and increase automation in football to achieve positive results for teams in general and players in
particular by studying the movements and developments of play during the two halves of the match.

3.2 Tracking of Objects

3.2.1 Semantic Segmentation Problem
Data Collection

The data collection process began with an extensive search for relevant video material on YouTube, targeting
content closely aligned with the project’s objectives. A total of 53 videos were retrieved from various channels,
with durations ranging from 2 to 21 minutes. Additional videos were also taken from social mediaX, and
images were extracted from the ArchivoVAR account on the same platform [16].

Used Python’s subprocess module, the yt-dlp tool was utilized through Python’s subprocess module [170].
Following data acquisition, the OpenCV (cv2) library was employed to extract key frames that depicted critical
events relevant to the research [123]. This preprocessing step resulted in a curated dataset comprising 887
images, distributed across seven distinct classes.

Data Annotation

At first, we set up the CVAT annotation tool inside a Docker container. This made it easier to do local
annotations and try out data augmentation work without worrying too much about cloud storage space [122].
However, due to local hardware storage constraints, the annotation process was ultimately migrated to the
Roboflow platform, which offered a more flexible and scalable solution [139].

Annotations were performed using the Instance Segmentation technique, and each image was labeled
according to one of the following seven classes:

• Foul

• Goal

• Hand Touch

• No Foul

• No Goal

• Offside
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• Onside

The final dataset consists of images representing diverse football (soccer) events, with file sizes ranging from
12 KB to 23 MB. The image formats include JPG and PNG, and the resolution of all images was standardized
to 640 × 640 pixels.

The class distribution is as follows:

• Foul: 230 images

• Goal: 44 images

• Hand Touch: 87 images

• No Foul: 121 images

• No Goal: 209 images

• Offside: 63 images

• Onside: 133 images

The dataset was partitioned into training, validation, and testing subsets using the following distribution:

Subset Number of Images
Training 876
Validation 65
Testing 32

Table 3.1: Dataset Split
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Class Name Unlabeled Labeled

Foul

Goal

Hand Touch

No Foul

No Goal

Offside

Onside

Figure 3.1: Comparison of labeled and unlabeled images for each football event class
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YOLOv11 Model

YOLOv11 Instance Segmentation (Accurate) is a state-of-the-art model in object detection and segmen-
tation [47]. It’s based on the YOLO (You Only Look Once) design but with big improvements to make it better
at segmenting things and faster at making predictions. That makes it ideal for real-time use.

Checkpoint: COCOs-seg

The COCOs-seg checkpoint refers to a pre-trained YOLOv11 model trained on the COCO-Seg dataset—an
enriched version of COCO that includes more detailed instance segmentation labels [47]. This checkpoint enables
high generalization performance across varied segmentation tasks.

Implementation and Usage

YOLOv11 models are publicly available through platforms such as Ultralytics [159] and Hugging Face [53]. The
yolo11n-seg variant is tailored for resource-constrained environments.

1. Installation: Clone the YOLOv11 repository and install the required packages.

2. Loading the Model: Use the provided API to load the COCOs-seg checkpoint.

3. Inference: Input images are passed to the model to produce segmentation masks.

Performance Metrics

When evaluated on the COCO dataset, YOLOv11 demonstrates outstanding performance across multiple vari-
ants [47]:

Variant Mean Average Precision (mAP)
YOLOv11n 39.5
YOLOv11m 51.5
YOLOv11x 54.7

Table 3.2: Performance of YOLOv11 on the COCO dataset

For additional details and updated releases, please refer to the official documentation on the Ultralytics [159]
and Hugging Face [53] websites.

Data Augmentation

To enhance the model’s robustness and generalization capabilities, a comprehensive data augmentation strategy
was applied using modern techniques such as those provided by the Albumentations library [34]. This approach
aimed to simulate diverse real-world variations commonly observed in football match footage. The augmentation
process was performed iteratively to expand the dataset by a factor of 10, increasing the total number of images
from 887 to 8857.

Augmentation Techniques

• Horizontal Flip: Images were flipped horizontally to simulate different camera viewpoints. This variation
helps the model learn invariance to player orientation and camera angles.

• Rotation: Each image was randomly rotated within the range of -15° to +15°, introducing slight
angular variations to account for natural camera tilt during gameplay.

• Grayscale Conversion: Applied to 13% of the dataset, this transformation converts images to grayscale
to simulate low-color or monochrome footage, enhancing model adaptability to color-deprived scenarios.

• Saturation Adjustment: Image saturation was randomly altered within a range of -25% to +25%,
mimicking different lighting conditions and color correction effects.

• Gaussian Blur: A blur effect of up to 2.5 pixels was applied to simulate motion blur or low-resolution
frames, aiding the model in recognizing less distinct object boundaries.

• Random Noise: Up to 1.76% of image pixels were modified to simulate digital noise and compression
artifacts typically encountered in video streams.
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Augmentation Type Configuration Purpose
Horizontal Flip Applied randomly Simulates mirrored views for diverse angles
Rotation -15° to +15° Emulates camera tilt and perspective varia-

tion
Grayscale 13% of images Enhances model performance under low-color

input
Saturation -25% to +25% Mimics variable lighting and post-processing
Gaussian Blur Up to 2.5px Replicates motion blur and resolution drops
Random Noise Up to 1.76% of pixels Introduces real-world noise and distortion
Final Dataset Size 8857 images Achieved via 10x data augmentation

Table 3.3: applied data augmentation techniques and their objectives.

Results
Evaluation Metrics

To assess the model’s performance, the following standard metrics were utilized: Accuracy, Recall, and mean
Average Precision (mAP) [49, 52, 68].

Accuracy

Accuracy quantifies the proportion of correctly classified instances over the total number of predictions:

Accuracy =
TP + TN

TP + TN + FP + FN

Where TP , TN , FP , and FN denote true positives, true negatives, false positives, and false negatives,
respectively [49].

Recall

Recall evaluates the model’s effectiveness in identifying relevant instances of a class:

Recall = TP

TP + FN

It emphasizes the model’s sensitivity, especially in minimizing missed detections [68].

Mean Average Precision (mAP)

mAP is a comprehensive metric for evaluating classification and localization performance across multiple object
classes. It is computed as:

mAP =
1

N

N∑
i=1

APi

Where N is the number of classes and APi is the average precision for class i, typically calculated as the
area under the precision-recall curve [52].

Metric Importance

• Accuracy provides a general performance overview [49].

• Recall is critical for ensuring that relevant events (e.g., goals or fouls) are not missed [68].

• mAP offers a detailed evaluation of both detection and segmentation quality across all event classes [52].

Advanced Training Graphs Analysis

To better understand the reasons behind the model’s unsatisfactory performance, a series of advanced training
graphs were analyzed based on practices from recent state-of-the-art object detection models [26, 163].
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Figure 3.2: Instance Segmentation Results: Training vs Validation Loss Curves.

Loss Curves

The training and validation loss curves showed divergence after a few epochs. Although training loss decreased
steadily, validation loss either plateaued or increased, indicating overfitting and lack of generalization [76].

Loss Curves Analysis

The training and evaluation curves of the model over 100 epochs are presented in the figure. The graphs
illustrate the behavior of loss functions and key performance metrics to evaluate the quality of the model.

1. Training Loss Curves

• train/box_loss: This curve shows a gradual and consistent decrease in the bounding box loss, indicating
that the model is effectively learning to improve its predictions for object locations over time [26].

• train/seg_loss: The segmentation loss curve shows a clear decline at the beginning, then gradually
stabilizes. This suggests that the model has learned the necessary visual representations to accurately
define object boundaries.

• train/cls_loss: This curve demonstrates a noticeable decrease in classification loss, which indicates an
improvement in the model’s ability to distinguish between different object classes.

• train/dfl_loss: The decreasing trend in this curve reflects improved learning in pixel-level class distri-
bution using the Distribution Focal Loss, indicating better localization accuracy [163].

2. Validation Loss Curves

• val/box_loss: The validation bounding box loss exhibits some fluctuations but shows a slight downward
trend, suggesting minor instability in generalizing to validation data.

• val/seg_loss: This curve shows a gradual increase in segmentation loss during validation, which may
indicate the onset of overfitting, as the model struggles to generalize well to the validation set.

• val/cls_loss: This curve fluctuates around a nearly constant value after an initial decline, suggesting
relative stability in the model’s classification ability.

• val/dfl_loss: The curve shows some fluctuations but maintains a slight downward trend, reflecting
consistent localization performance.

3. Metrics Curves

• metrics/precision(B) and metrics/precision(M): These represent the precision for object types B
and M. The curves show a gradual improvement, indicating the model’s increasing ability to reduce false
positives over time.

• metrics/recall(B) and metrics/recall(M): The recall curves generally trend upwards, reflecting the
model’s improving capability to retrieve most of the true objects.
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• metrics/mAP50(B) and metrics/mAP50(M): These curves represent the mean Average Precision
at an IoU threshold of 50%. They show steady improvement, suggesting successful learning.

• metrics/mAP50-95(B) and metrics/mAP50-95(M): This more stringent metric measures perfor-
mance across a range of IoU thresholds. The curves show a gradual improvement, indicating good learning
and generalization [26].

Main Loss Curves (Class Loss, Box Loss, Object Loss)

The training process revealed that the model struggled with proper object localization and classification, as
evidenced by the individual loss components. Each type of loss curve provides insight into different aspects of
model learning.

(a) Class Loss (b) Box Loss (c) Object Loss

Figure 3.3: Loss Curves per Epoch for YOLOv11: Class, Box, and Object Loss.

Main Loss Curve Analysis

Figure 3.3 presents the loss curves for classification, bounding box, and objectness losses during 120 epochs.
These curves reveal model performance patterns consistent with other transformer-based or attention-based
object detectors [31].

(a) Classification Loss

The classification loss curve shows initial learning then fluctuates, suggesting sensitivity to outliers or data
imbalance.

(b) Bounding Box Loss

Box loss oscillates initially, then stabilizes, implying the model gradually adapts to complex spatial variations
in the dataset.

(c) Objectness Loss

Persistent fluctuation of objectness loss suggests challenges in differentiating object presence versus background
noise [163].

Training mAP per Epoch

The model didn’t perform very well during training, with a low average precision. This shows it struggled to
correctly identify and separate the different objects in the categories we set. The mAP remained consistently
low, reinforcing the conclusion that the model was not effectively learning from the data.

Training mAP per Epoch Analysis

Figure 3.4 shows that mAP@0.5 rises quickly then stabilizes around 0.36–0.38, while mAP@[.5:.95] improves
more slowly, ending at 0.26–0.27. These metrics reflect overall accuracy and generalization ability under different
levels of strictness [26, 163].
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Figure 3.4: Training mAP per Epoch for YOLOv11.

• The first curve (dark purple) represents the mean average precision at an IoU threshold of 0.5
(mAP@0.5). This curve shows a big jump in performance early on, then it levels out around epoch
60. From that point, the performance fluctuates within a narrow range around an mAP value of approxi-
mately 0.36–0.38. This trend reflects the model’s effective improvement in object detection accuracy under
a lower IoU threshold.

• The second curve (light purple) represents the mean average precision computed across multiple
IoU thresholds from 0.5 to 0.95 with a step of 0.05 (mAP@[.5:.95]). This curve shows relatively lower
performance compared to mAP@0.5, which is expected due to the more stringent evaluation criteria. It
begins with a value around 0.19 and gradually increases, reaching approximately 0.26–0.27 by the end of
training. This indicates a steady improvement in the model’s precision across multiple levels of evaluation
difficulty.

These results indicate that the model achieves gradual and consistent performance improvement over time,
and eventually stabilizes at a certain accuracy level after a sufficient number of epochs. This suggests that the
model approaches a state of convergence or training saturation.

These findings confirm that the model has not converged effectively and requires further refinement, possibly
with better feature extraction techniques or a different dataset. Based on these results, a transition to an object
detection approach is being considered for improved performance.

Yolo11 Prediction

Figure 3.5: Test Predictions for All Classes

3.2.2 Object Detection Problem
The YOLOv11 model for instance segmentation didn’t deliver the results I was hoping for. The main numbers
we look at, like losses, accuracy, and how well the system finds true positives, were all over the place and didn’t
do and expected. The mean Average Precision (mAP) remained consistently low throughout training, indicating
the model’s failure to effectively learn from the available data.
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SoccerNet V3 Dataset

The dataset is based on the SoccerNet V3 annotations and includes images extracted from professional football
matches. The resolution of all images was standardized to 1920 × 1080 pixels. These images are annotated for
two main tasks:

• Object Detection: The task involves detecting various entities on the football field, such as players,
goalkeepers, referees, and the ball. The annotations were originally in JSON format and converted into
YOLO format (.txt files).

• Event Classification: The task involves identifying key football events like goals, fouls, and substitutions.
Event-specific frames were annotated and also converted to YOLO-compatible formats.

Based on these observations, we decided to shift toward a different approach—object detection. This
change is meant to take advantage of how good object detection is at pinpointing different categories of objects
in pictures. especially when supported by a larger and more diverse dataset. YOLO-based models have proven
effective in real-time object detection scenarios by providing fast and accurate predictions using a single neural
network for the entire image [59, 134]. The new strategy is expected to enhance the model’s ability to learn
more distinctive and generalizable visual features.

The SoccerNet V3 dataset provides a comprehensive and high-quality resource for video understanding and
sports analytics, making it suitable for training deep learning models in complex multi-camera football scenes
[39].

Image Distribution:

• Training set: 21213 images

• Validation set: 4545 images

• Test set: 5060 images

Player Detection
Number of Classes

Object Detection

• Total Classes: 4

• Class names:

– Ball
– Player
– Goalkeeper
– Main

Unlabeled Labeled

Figure 3.6: Comparison of labeled and unlabeled image
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Object Detection Class Distribution (All Sets)

Class Train Count Train % Val Count Val % Test Count Test %
Ball 16,401 7.22% 3,506 7.17% 3,928 7.19%
Player 187,845 82.81% 40,473 82.67% 45,331 82.83%
Goalkeeper 13,079 5.96% 2,849 5.82% 3,088 5.64%
Referee 16,361 7.20% 3,570 7.29% 3,922 7.17%

Table 3.4: Object Detection Class Distribution across Train, Validation, and Test Sets

Ball Detection
Due to the small size of the ball, we separated the ball label from the rest of the objects and put it as a separate
data again to achieve a good result for ball detection.

Number of Classes

Object Detection

• Total Classes: 1

• Class names:

– Ball

Results
YOLOv8 Object Detection Model Description

In this project, we employed the YOLOv8m model from the Ultralytics framework for object detection.
YOLOv8m is a medium-sized, real-time object detection model known for its strong balance between speed
and accuracy [84]. In our configuration, the model consists of 112 layers and approximately 68.1 million param-
eters, It delivers strong performance without costing too much in terms of computing power, which makes it a
great choice for things like analyzing sports videos.

Player Detection

Training Details:

• Framework: Ultralytics YOLOv8 (v8.3.116)

• Hardware: Tesla P100 GPU (16 GB VRAM)

• Training Duration: 100 epochs completed in 0.716 hours

• Model Size: 136.7 MB (optimizer removed)

• Data Augmentation: Not applied, as the dataset was sufficiently diverse to enable effective learning
without synthetic augmentation.

Evaluation Metrics: The model’s performance was evaluated using standard object detection metrics:

• Precision (P) – the proportion of positive identifications that were correct.

• Recall (R) – the proportion of actual positives that were correctly identified.

• mAP@0.5 – mean Average Precision at IoU threshold 0.5.

• mAP@0.5:0.95 – mean Average Precision averaged across IoU thresholds from 0.5 to 0.95 [134].

Performance Summary (on validation set):

• Overall:
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– Precision: 0.893
– Recall: 0.756
– mAP@0.5: 0.846
– mAP@0.5:0.95: 0.596

• Per-Class Performance (mAP@0.5):

– Ball: 0.462
– Goalkeeper: 0.964
– Player: 0.982
– Referee: 0.974

Inference Speed:

• Preprocessing time per image: 0.1 ms

• Inference time per image: 16.3 ms

• Postprocessing time per image: 1.1 ms

Confusion Matrix Analysis

The main numbers we look at, like losses, accuracy, and how well the system finds true positives, were all
over the place and didn’t do and expected. These matrices show or point out something the model’s ability to
correctly classify each object class, while also revealing potential class overlaps or misclassifications.

Figure 3.7: Confusion matrix
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The confusion matrix quantitatively evaluates the classification performance of the model across five semantic
categories relevant to football scene understanding: Ball, Goalkeeper, Player, Referee, and Background.

The diagonal elements represent the number of correctly classified samples for each class. For instance, the
model accurately classified 7 instances of Ball, 23 instances of Goalkeeper, 796 instances of Player, and 89
instances of Referee.

The off-diagonal parts show mistakes where the model mixes up different classes:

• Ball: Achieved 7 correct classifications, with no significant misclassifications observed, indicating robust
performance for this category.

• Goalkeeper: Correctly identified 23 times; however, minor confusions were recorded, with 1 sample
misclassified as Player and 2 samples misclassified as Background.

• Player: The class with the largest sample size, achieving 796 correct predictions. Nevertheless, the model
confused 6 player instances as Ball, 1 instance as Referee, and 25 instances as Background, suggesting
slight overlaps in feature space, especially between players and background.

• Referee: Correctly classified in 89 instances, with minimal misclassification, notably 1 as Player and 3
as Background.

• Background: Exhibited the most significant confusion, with samples misclassified as Ball (32 instances),
Goalkeeper (3 instances), Player (55 instances), and Referee (11 instances), highlighting the complexity
and the natural fluctuations found in the background areas.

General Interpretation: Overall, the model demonstrates high classification accuracy for the Player
and Goalkeeper categories. The low error rates for Ball and Referee indicate effective feature learning
for these smaller or less frequently appearing classes. However, significant overlap between Background and
object classes, particularly Player, points to a major challenge in distinguishing between object boundaries and
environmental noise.

Precision, Recall, and F1 Score Curves

The following curves provide detailed insights into the model’s performance across various confidence thresholds
and IoU levels [55, 158]:

• Precision (P) – The ratio of true positives to all predicted positives.

• Recall (R) – The ratio of true positives to all actual positives.

• F1-Score – The harmonic mean of precision and recall.

• PR-Curve – Precision-recall tradeoff at different thresholds.
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Figure 3.8: F1 score, precision, precision-recall (PR), and recall curves.

Figure 3.8 presents four types of curves that evaluate the performance of the object detection model across
various categories under a varying confidence threshold. The analysis includes different object classes: ball,
player, goalkeeper and referee, in addition to the mean performance across all categories.

• F1-Confidence Curve (Top-Left) The F1-Confidence curve shows that the model achieves its optimal
F1-score ( 0.79) at a confidence threshold of 0.094. Increasing the threshold leads to a gradual decline
in F1, mainly due to reduced recall. Class-wise, the Player class achieves the highest F1-score (>0.9),
followed by Goalkeeper and Referee (both 0.85). In contrast, the Ball class shows lower performance
( 0.5) with a sharp drop at higher thresholds. These results suggest strong detection for players and
goalkeepers, while ball detection remains challenging. A confidence threshold of 0.094 offers the best
balance between precision and recall.

• Precision-Confidence Curve (Top-Right) The Precision-Confidence curve illustrates that precision
reaches its maximum value (1.0) at high confidence thresholds ( 0.893), but gradually declines as the
threshold decreases, reflecting an increase in false positives. The highest precision is observed for the
Goalkeeper, Referee, and Player classes, while the Ball class exhibits lower precision, likely due to its
small size and visual ambiguity. These results show how important it is to pick the right confidence level
if you want a good balance between catching most things and avoiding false alarms.

• Precision-Recall (PR) Curve (Bottom-Left)
The Precision-Recall curve demonstrates strong detection performance for the Player (0.982), Goal-
keeper (0.964), and Referee (0.974) classes, indicating high reliability in distinguishing these entities.
In contrast, the Ball class achieves considerably lower precision (0.462), reflecting challenges in accurate
localization and classification. The mAP@0.5 score of 0.846 shows the model is doing pretty well across
most categories. It also emphasizes how important it is to focus on improving how accurately the system
detects the ball.

• Recall-Confidence Curve (Bottom-Right) The Recall-Confidence curve shows a peak recall of 0.82
at a confidence threshold of 0.000, with a gradual decline as the confidence increases. The Player, Goal-
keeper, and Referee classes maintain relatively high recall values across different thresholds, indicating
consistent detection. In contrast, the Ball class exhibits lower recall, highlighting difficulties in detecting
smaller or more ambiguous instances under stricter confidence constraints.
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Overall Training and Validation Results

The comprehensive training results figure summarizes performance across epochs, including losses (box, object-
ness, and classification), precision, recall, and mAP metrics [51].

Figure 3.9: Training and validation metrics across epochs.

Training and Validation Indicators over Epochs

Figure 3.9 illustrates the evolution of the model’s performance throughout 100 training epochs, showcasing vari-
ous loss functions and evaluation metrics critical to object detection tasks. These indicators—namely bounding
box loss, classification loss, distance-based localization loss (DFL), precision, recall, and mean Average Precision
(mAP) at different Intersection over Union (IoU) thresholds—collectively reflect how well the model is learning
and generalizing [133].

• train/box_loss: The bounding box regression loss steadily decreases from approximately 1.4 to 0.7 across
training epochs, suggesting that the model progressively refines its localization accuracy and becomes more
precise in predicting object boundaries.

• train/cls_loss: A sharp decline is observed from over 2.0 down to roughly 0.3, indicating that the model
quickly learns to distinguish between object classes, improving its classification capability.

• train/dfl_loss: The distribution focal loss (DFL), which captures finer localization precision, shows a
gradual but consistent drop from 0.83 to below 0.78. This reflects enhanced accuracy in pinpointing object
centers and edges.

• metrics/precision(B): Precision increases significantly and stabilizes around 0.9, implying that the
majority of predicted bounding boxes are relevant, with few false positives.

• metrics/recall(B): Recall grows steadily from around 0.3 to 0.75, indicating the model becomes increas-
ingly capable of detecting most of the relevant objects in the images, reducing false negatives.

• val/box_loss: Validation box loss mirrors the training trend, decreasing from roughly 1.5 to 0.8. This
suggests that the model generalizes well to unseen data and avoids overfitting.

• val/cls_loss: The validation classification loss follows a similar trajectory to its training counterpart,
confirming that the learned class distinctions are transferable to validation data.

• val/dfl_loss: The validation DFL also shows stable convergence towards 0.78, further affirming consistent
localization performance.

• metrics/mAP50(B): The mean Average Precision at IoU=0.5 improves significantly, reaching around
0.8. This reflects strong detection performance when lenient overlap thresholds are considered.

• metrics/mAP50-95(B): The stricter mAP across multiple IoU thresholds (0.50 to 0.95) grows from
below 0.1 to approximately 0.58, demonstrating the model’s ability to perform well even under tighter
localization accuracy requirements.
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The overall trends indicate stable and progressive training behavior without signs of overfitting. The consis-
tent improvement across all metrics supports the robustness of the model architecture and the effectiveness of
the training setup.

Summary of Findings: The model exhibits excellent detection capability, particularly for Player, Goal-
keeper, and Referee classes. However, the detection of the Ball class remains a challenge due to its smaller
size and visual ambiguity. The high mAP@0.5 ( 0.846) indicates strong overall performance. Additionally,
insights from the Precision-Confidence and Recall-Confidence curves suggest that careful confidence threshold
tuning can further optimize performance. There remain clear opportunities to enhance the model’s detection
accuracy, especially for small and less distinct objects.

Ball Detection

Training Details:

• Framework: Ultralytics YOLOv8 (v8.3.118)

• Hardware: Tesla P100 GPU (16 GB VRAM)

• Training Duration: 50 epochs completed in 10.393 hours

• Model Size: 136.8 MB (optimizer removed)

Evaluation Metrics: The model’s performance was evaluated using standard object detection metrics:

• Precision (P) – 0.936

• Recall (R) – 0.81

• mAP@0.5 – 0.914

• mAP@0.5:0.95 – 0.562

Model Summary:

• 112 layers, 68,124,531 parameters, 0 gradients

• Computational cost: 257.4 GFLOPs

Inference Speed:

• Preprocessing time per image: 0.4 ms

• Inference time per image: 68.6 ms

• Postprocessing time per image: 1.4 ms

Model Checkpoints:

• Best weights saved to: runs/detect_ball/exp_ball/weights/best.pt

• Final weights saved to: runs/detect_ball/exp_ball/weights/last.pt

• Results saved to: runs/detect_ball/exp_ball

Yolo8 Model Evaluation Visualizations

Confusion Matrix Analysis

The main numbers we look at, like losses, accuracy, and how well the system finds true positives, were all
over the place and didn’t do and expected. These matrices show or point out something the model’s ability to
correctly classify each object class, while also revealing potential class overlaps or misclassifications.
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Figure 3.10: Confusion matrix

The model’s performance was assessed using a confusion matrix with two categories: “ball” and “background.”
The evaluation showed that 85 samples were correctly identified as “ball” (True Positives), while 2 samples were
incorrectly predicted as “ball” despite belonging to the “background” class (False Positives). Additionally, 36
“ball” instances were misclassified as “background” (False Negatives). No True Negatives were recorded, which
may indicate that the background class was either underrepresented or not treated as a positive class in this
context.

These results indicate that the model demonstrates high precision in detecting the ball, yet it suffers from
a relatively low recall ( 70%), suggesting it often misses some ball instances. The model appears to follow a
conservative prediction strategy—minimizing false positives at the cost of missing some true objects. While
the overall performance is strong, enhancing recall remains a key area for future improvement to ensure more
comprehensive ball detection.

Precision, Recall, and F1 Score Curves

The following curves provide detailed insights into the model’s performance across various confidence thresholds
and IoU levels [55, 158]:

• Precision (P) – The ratio of true positives to all predicted positives.

• Recall (R) – The ratio of true positives to all actual positives.

• F1-Score – The harmonic mean of precision and recall.

• PR-Curve – Precision-recall tradeoff at different thresholds.
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Figure 3.11: F1 score, precision, precision-recall (PR), and recall curves.

Figure 3.11 presents four types of curves that evaluate the performance of the object detection model across
various categories under a varying confidence threshold. The analysis includes different object classes: ball,
player, goalkeeper and referee, in addition to the mean performance across all categories.

• F1-Confidence Curve (Top-Left) This curve shows the relationship between F1-score and confidence
threshold. The F1-score peaks at 0.87 at a confidence threshold of 0.065, indicating the best balance
between precision and recall by allowing more predictions while maintaining high quality.

• Precision-Confidence Curve (Top-Right) This curve illustrates the relationship between precision
and prediction confidence. Precision reaches 1.00 at a confidence threshold of 0.753 for the ball class,
meaning perfect precision with no false positives at that threshold.

• Precision-Recall (PR) Curve (Bottom-Left)
This curve evaluates performance across various confidence thresholds independently of absolute confidence
values. Precision reaches 0.914 at a recall of 1.0 with an mAP@0.5 of 0.914, indicating strong detection
performance while maintaining high precision at high recall levels.

• Recall-Confidence Curve (Bottom-Right) This curve shows recall versus confidence threshold. At
a confidence threshold of 0.000, recall is 0.90, reflecting high sensitivity without confidence filtering, de-
creasing gradually as the threshold increases.

Overall Training and Validation Results

The comprehensive training results figure summarizes performance across epochs, including losses (box, object-
ness, and classification), precision, recall, and mAP metrics [51].
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Figure 3.12: Training and validation metrics across epochs.

Training and Validation Indicators over Epochs

Figure 3.12 illustrates the evolution of the model’s performance throughout 50 training epochs, showcasing vari-
ous loss functions and evaluation metrics critical to object detection tasks. These indicators—namely bounding
box loss, classification loss, distance-based localization loss (DFL), precision, recall, and mean Average Precision
(mAP) at different Intersection over Union (IoU) thresholds—collectively reflect how well the model is learning
and generalizing [133].

• train/box_loss: The curve shows a gradual and steady decrease in box loss values as the number of
epochs increases, indicating improved accuracy in object localization over time. The drop keeps going
down gradually with a few small ups and downs, which means the training seems steady and not showing
any clear signs of overfitting or getting unstable.

• train/cls_loss: The curve starts with a very high loss value (6) but decreases sharply during the early
epochs, then stabilizes at low values. This behavior reflects the model’s rapid adaptation to the object
classification task.

• train/dfl_loss: This curve decreases consistently from about 0.88 to approximately 0.78 with limited
fluctuations, indicating improved model performance in predicting bounding box distributions.

• metrics/precision(B): The curve shows a general upward trend, starting at around 0.75 and reaching
approximately 0.9, suggesting a reduction in false positives as training progresses.

• metrics/recall(B): The recall rate gradually increases from about 0.4 to over 0.8, indicating improved
ability of the model to retrieve correct objects and reduce misses.

• val/box_loss: The curve drops so that’s pretty similar to the training one, with some small ups and
downs early on. Overall, it stays steady on the validation set and doesn’t show signs of overfitting.

• val/cls_loss: The curve decreases from a high initial value (>1.8) to lower values, indicating continuous
improvement in object classification accuracy on validation data.

• val/dfl_loss: It gradually decreases and stabilizes, indicating good model generalization beyond the
training data.

• metrics/mAP50(B): The mAP50 indicator rises from about 0.5 to over 0.9, showing overall improvement
in model performance at the easier 50% threshold.

• metrics/mAP50-95(B): The indicator gradually rises from about 0.3 to over 0.5, indicating the model’s
ability to perform well across different precision requirements.

Overall, the curves indicate a stable and effective training process with continuous performance improvement
and no clear signs of overfitting or poor generalization.
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Summary of Findings: The overall analysis of the model’s training and evaluation reveals a stable and
effective learning process, as evidenced by the performance curves that show continuous improvement across
key metrics without indications of overfitting or poor generalization. The final evaluation highlights the model’s
ability to achieve perfect precision (1.00) for the ball class at a high confidence threshold of 0.753; however,
this comes at the expense of recall, which declines under stricter confidence requirements. Conversely,Lowering
the confidence threshold helps catch more true positives, so recall goes up. But at the same time, it might also
increase false positives, which can lower precision. Choosing the right confidence threshold is really important
because it depends on what matters most for the job—whether you want to avoid false alarms or make sure
you catch as many objects as possible.. In summary, the model demonstrates robust overall performance with a
mean Average Precision at IoU 0.5 (mAP@0.5) of 0.914 and an F1-score of 0.87, indicating high reliability and
consistency in object detection across classes.

Yolo8 Model Prediction

Figure 3.13: Prediction of all classes with confidence in one image

3.2.3 Keypoint Detection Problem
When analyzing football videos automatically, figuring out where the field edges and important lines are is a
really important first step. This process involves identifying the structural layout of the pitch, including sidelines,
goal areas, penalty boxes, the center circle, and other essential markings that define the spatial organization
of the game. Accurate detection of these elements enables the system to interpret player positions and events
within a standardized coordinate space, regardless of camera angle or perspective. Typically, this step leverages
computer vision techniques such as line detection algorithms (e.g., Hough Transform), edge detection, and
geometric modeling to extract and map these features from each frame of the video.The way the field is set
up here provides a starting point for things like following player movements, identifying different events, and
studying team strategies, by providing spatial context and ensuring consistency in the interpretation of visual
data throughout the match.
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Unlabeled Labeled

Figure 3.14: Comparison of labeled and unlabeled image

Results

Training Details:

• Framework: Ultralytics YOLOv8 (v8.3.116)

• Hardware: Tesla P100 GPU (16 GB VRAM)

• Training Duration: 100 epochs completed in 0.615 hours

• Model Size: 140.0 MB (optimizer removed)

Evaluation Metrics: The model’s performance was evaluated using standard object detection metrics:

• Precision (P) – 0.995

• Recall (R) – 1.0

• mAP@0.5 – 0.995

• mAP@0.5:0.95 – 0.587

Model Summary:

• 121 layers, 69,784,275 parameters, 0 gradients

• Computational cost: 264.7 GFLOPs

Inference Speed:

• Preprocessing time per image: 0.1 ms

• Inference time per image: 15.8 ms

• Postprocessing time per image: 1.0 ms

Model Checkpoints:

• Best weights saved to:runs/pose_field/exp_field/weights/best.pt

• Final weights saved to:runs/pose_field/exp_field/weights/last.pt

• Results saved to: runs/pose_field/exp_field

48



CHAPTER 3. TRACKING AND ANALYSIS PLAYERS IN FOOTBALL MODELING AND
IMPLEMENTATION

Yolo8 Model Evaluation Visualizations

Confusion Matrix Analysis

The main numbers we look at, like losses, accuracy, and how well the system finds true positives, were all
over the place and didn’t do and expected. These matrices show or point out something the model’s ability to
correctly classify each object class, while also revealing potential class overlaps or misclassifications.

Figure 3.15: Confusion matrix

Figure 3.15 shows the confusion matrix for model evaluation. It is observed that the model successfully
classified all samples of the ”pitch” class (30 samples) without any misclassification towards the ”background”
class. The absence of any samples outside the main diagonal indicates a perfect model performance, achieving
an accuracy of 100% on the test samples.

Overall Training and Validation Results

The comprehensive training results figure summarizes performance across epochs, including losses (box, object-
ness, and classification), precision, recall, and mAP metrics [51].
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Figure 3.16: Training and validation metrics across epochs.

Training and Validation Indicators over Epochs

Figure 3.16 illustrates the evolution of the model’s performance throughout 100 training epochs, showcasing vari-
ous loss functions and evaluation metrics critical to object detection tasks. These indicators—namely bounding
box loss, classification loss, pose loss , precision, recall, and mean Average Precision (mAP) at different In-
tersection over Union (IoU) thresholds—collectively reflect how well the model is learning and generalizing
[133].

• train/box_loss and val/box_loss: The bounding box loss shows a steady and continuous decrease
during training and validation, stabilizing at a very low value (< 0.5) after the first 20 epochs.

• train/pose_loss and val/pose_loss: The pose loss started with high values ( 12) and gradually
decreased as training progressed. Despite some minor oscillations in the validation curve, the overall
trend shows consistent improvement.

• train/kobj_loss and val/kobj_loss: The keypoint objectness loss rapidly decreased in the early stages
and stabilized at very low values, indicating high model accuracy in distinguishing objects from non-
objects.

• train/cls_loss and val/cls_loss: The classification loss quickly dropped to values near zero, reflecting
the model’s early success in correctly learning the class labels.

• train/dfl_loss and val/dfl_loss: The distribution focal loss also demonstrated a gradual decrease,
enhancing the model’s ability to predict box and keypoint locations accurately.

• metrics/precision(B) and metrics/recall(B): Precision and recall for the bounding boxes (B) rose
quickly and stabilized at values greater than 0.98, indicating very few false positives and false negatives.

• metrics/precision(P) and metrics/recall(P): Although the precision and recall curves for the key-
points (Pose) exhibited some fluctuations, they showed continuous improvement, reaching high values
close to 1.0. The observed fluctuations could be due to the difficulty in precise keypoint predictions or a
small validation sample size.

• metrics/mAP50(B) and metrics/mAP50(P): The mean Average Precision (mAP) at IoU = 50%
rapidly approached 1.0 for both bounding boxes (B) and keypoints (P), reflecting the model’s strong
ability to accurately retrieve objects.

• metrics/mAP50-95(P): The strict mean Average Precision across multiple IoU thresholds (50% to 95%)
showed a gradual and consistent improvement, indicating steady enhancement in the model’s precision for
keypoint localization.

Summary of Findings: The training and validation results demonstrated that the model possesses high
efficiency in both object classification and keypoint localization, with very low losses and extremely high per-
formance metrics. The confusion matrix shows no classification errors, reinforcing confidence in the model’s
accuracy and generalization capability.
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Key point Prediction

Figure 3.17: Prediction of pitch with draw lines

3.2.4 Classification Problem
Event Classification

• Total Classes: 16

• Class names:

– Ball out of play
– Clearance
– Corner
– Direct free-kick
– Foul
– Goal
– Indirect free-kick
– Kick-off
– Offside
– Penalty
– Red card
– Shots off target
– Shots on target
– Substitution
– Throw-in
– Yellow card
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Class Image Count Percentage
Foul 9296 30.63%
Goal 5509 18.15%
Shots off target 5092 16.78%
Shots on target 3,981 13.12%
Ball out of play 3871 12.75%
Offside 1214 4.00%
Direct free-kick 418 1.38%
Corner 361 1.19%
Indirect free-kick 177 0.58%
Throw-in 130 0.43%
Yellow card 92 0.30%
Clearance 89 0.29%
Penalty 88 0.29%
Kick-off 17 0.06%
Red card 11 0.04%
Substitution 3 0.01%

Table 3.5: Class distribution for Event Classification task (All sets)

Event Classification Class Distribution (All Sets)

Dataset Curation and Class Selection Strategy

To mitigate class imbalance and prevent model bias toward overrepresented categories, only six classes were
selected from the full set of football event categories. This deliberate reduction aimed to ensure a more uniform
distribution across classes and support a balanced learning process.

The excluded classes included events such as: Corner kicks, Substitutions, Free kicks, Penalties, Yel-
low/Red cards, and other rare or underrepresented actions.

Selected Classes and Distribution

Training Set (Total: 9599 images):

• Foul: 1750 images

• Goal: 1750 images

• Shots off target: 1750 images

• Shots on target: 1750 images

• Ball out of play: 1750 images

• Offside: 849 images

Validation Set (Total: 2057 images):

• Foul: 375 images

• Goal: 375 images

• Shots off target: 375 images

• Shots on target: 375 images

• Ball out of play: 375 images

• Offside: 182 images

Test Set (Total: 2058 images):

• Foul: 375 images

• Goal: 375 images

• Shots off target: 375 images
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• Shots on target: 375 images

• Ball out of play: 375 images

• Offside: 183 images

This data sampling approach was intended to maintain class balance during training and evaluation, thereby
enhancing the fairness and reliability of the resulting model.

Results
YOLOv8 Model Description and Training Results

A classification model based on the YOLOv8m-cls architecture was trained to recognize six types of football
match events. The training was conducted over 30 epochs, taking approximately 3.169 hours on a Tesla
P100 GPU (16GB) using the Ultralytics framework (version 8.3.111) [158]. The model comprises 42
layers and approximately 15.77 million parameters, with a computational cost of 41.6 GFLOPs.

Evaluation Metrics

The performance of the model was assessed on a held-out validation set using the best.pt checkpoint. The
results are as follows:

– Top-1 Accuracy: 59.2%

– Top-5 Accuracy: 99.1%

– Fitness Score: 0.791 (a composite metric based on validation accuracy)

– Inference Time per Image: 7.5 ms

– Preprocessing Time per Image: 0.6 ms

The high Top-5 accuracy indicates that in nearly all cases, the correct class was among the top five predicted
classes, demonstrating strong class separability and generalization capacity. However, the moderate Top-1
accuracy suggests there is room for improvement in class ranking.

Yolo8m-cls Model Evaluation Visualizations

Confusion Matrix Analysis

We checked how well each class was identified by looking at the confusion matrix, both in its original form and
after adjusting the numbers to make comparisons easier. These matrices show or point out something the model’s
ability to correctly classify each object class, while also revealing potential class overlaps or misclassifications.

Figure 3.18: Confusion matrix (left) and normalized confusion matrix (right).
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Confusion Matrix (Non-Normalized)

This matrix shows the model’s performance in classifying different types of match events across seven categories:
Ball out of play, Foul, Goal, Offside, Shots off target, Shots on target, Background.

Values inside the matrix indicate the number of samples that were correctly or incorrectly classified by the
model. Diagonal values (from top left to bottom right) represent correct predictions, while off-diagonal values
indicate misclassifications due to confusion between categories.

Ball out of play: Correctly classified in 217 cases. Confused with Goal in 45 cases, likely due to visual or
temporal similarities. Also confused with Foul (20) and Shots off target (19).

Foul: Strong performance with 270 correct classifications. Confusion occurred with Ball out of play (40)
and Shots off target (38).

Goal: High accuracy with 277 correct classifications. Misclassified as Ball out of play in 61 cases and Shots
off target in 25.

Offside: Lowest performing category with only 111 correct classifications. Most confusion occurred with
Ball out of play (12) and Foul (12).

Shots off target: Correctly classified in 177 cases. There was a lot of confusion about the shots on target,
which was 128, indicating difficulty in distinguishing between shot types.

Shots on target: 166 cases correctly classified. Similar confusion with Shots off target (107), highlighting
the need for additional distinguishing features.

Background: Occasional misclassifications with all categories, though less frequently. Examples include
Ball out of play (23), Foul (27), and Goal (21).

Confusion Matrix (Normalized)

This matrix shows the relative performance of the model across seven main football event categories: Ball out
of play, Foul, Goal, Offside, Shots off target, Shots on target, Background.

Values are normalized to represent the proportion of true samples per category (row-wise). This allows for
fair performance assessment, especially when sample counts vary across classes.

Ball out of play: 58% correctly classified. Most confusion with Goal (12%) and Foul (5%).
Foul: 72% correctly classified. Main confusion with Ball out of play (11%) and Shots off target (10%).
Goal: Best performing category with 74% accuracy. Misclassified as Ball out of play in 16% of cases.
Offside: 61% correctly classified. Notable confusion with Shots off target (5%) and Ball out of play (3%).
Shots off target: 47% correctly classified. Confused with Shots on target in 34% of cases.
Shots on target: Only 44% correctly classified. Large confusion with Shots off target (29%) and Offside

(10%).
Background: Relatively low confusion, mostly correctly classified.

Conclusion:

The 2 matrix highlights the model’s strengths in classifying Goal and Foul events, and its weaknesses in distin-
guishing between Shots on/ off target. This suggests the need to incorporate more contextual or spatiotemporal
features to improve performance in these ambiguous cases.
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Overall Training and Validation Results

Figure 3.19: Training and validation metrics across epochs.

This figure illustrates the development of the model’s performance over 30 training epochs through four main
curves: training loss, validation loss, Top-1 accuracy, and Top-5 accuracy. The solid blue line represents actual
values, while the dotted orange line indicates smoothed values for easier observation.

1. train/loss curve (Training Loss):
This curve shows a continuous and consistent decrease in loss value from approximately 1.6 to below 0.3.
This reduction indicates effective learning by the model and a gradual improvement in fitting the training
data.

2. val/loss curve (Validation Loss):
The validation loss initially decreases until around epoch 11, after which it gradually increases until the
end of training.
This behavior reflects the phenomenon of overfitting, where the model starts to lose its generalization
ability on validation data after a certain point.

3. metrics/accuracy_top1 (Top-1 Accuracy):
Accuracy gradually increases from approximately 0.45 to nearly 0.59 during training.
This value represents the proportion of predictions where the top-1 most probable label matches the
correct label.
This improvement indicates the model’s increasing ability to capture the most distinguishing features of
the classes.

4. metrics/accuracy_top5 (Top-5 Accuracy):
High accuracy is observed from early stages, starting above 0.97 and exceeding 0.99 in most epochs.
This metric indicates that the correct label was within the model’s top 5 predicted labels.
It demonstrates the model’s strong capability in narrowing down its predictions to a small set that includes
the correct answer.
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Yolo8 Classification Prediction

Figure 3.20: Test Predictions for All Classes

3.3 Analysis of Players

Figure 3.21: Pipeline Of Analysis Match Steps.

3.3.1 Sports Pitch Annotation Library
To render and annotate football pitch elements, we utilized the sports Python package [160], which is designed
for sports field visualization. This package was installed directly from its GitHub repository using the following
command:
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git+https://github.com/roboflow/sports.git

The sports library [160] provides utilities for defining pitch templates, projecting field lines, and drawing
overlays such as player positions and tracking data. These tools were instrumental in generating consistent and
interpretable visualizations throughout our pipeline.

3.3.2 Core Libraries and Dependencies
To construct the foundation of our video analytics pipeline, we imported a comprehensive set of libraries for
computer vision, deep learning, and unsupervised clustering. The following Python packages were utilized:

• numpy: for numerical operations and image array manipulation [72].

• ultralytics.YOLO: to load pretrained YOLO models for player, ball, and pitch detection [159].

• opencv-python (cv2): for frame extraction, image preprocessing, and general image processing routines
[123].

• supervision: a high-level library designed to facilitate detection management, visualization, and tracking
in sports analytics [140].

• tqdm: to monitor progress during long-running data extraction or model inference loops [41].

• torch and transformers: to utilize the SigLIP vision transformer model for generating visual embeddings
of player crops [80, 131].

• umap-learn: to project high-dimensional embeddings into a lower-dimensional space for visual separability
and clustering [111].

• scikit-learn’s KMeans: for clustering player embeddings into distinct team groups [124].

• typing: for code annotation and improved readability via type hints [130].

The combination of these libraries enables a modular and scalable pipeline for video-based object detection,
feature embedding, dimensionality reduction, and team classification.

3.3.3 Team Classification Module
To perform unsupervised visual team classification, we implemented a custom class named TeamClassifier.
This class leverages vision-language embedding models, dimensionality reduction, and clustering techniques to
separate players into two distinct teams based on their visual appearance. The pipeline consists of the following
stages:

• Embedding Extraction: We employ the pretrained SigLIP vision model (google/siglip-base-patch16-224)
to compute high-dimensional embeddings from cropped player images. The model is loaded using the
transformers library and deployed on the available GPU via PyTorch [80, 131].

• Dimensionality Reduction: The high-dimensional embeddings are projected into a 3-dimensional space
using Uniform Manifold Approximation and Projection (UMAP), which preserves the local structure of
the data while facilitating cluster separability [111].

• Clustering: The reduced embeddings are grouped into two clusters using the KMeans algorithm, corre-
sponding to the two opposing teams [124].

• Inference: Once the clustering model is trained, the same embedding and projection pipeline is used for
predicting the team label of new player crops.

This modular design allows the TeamClassifier to be easily integrated into video analysis pipelines, enabling
dynamic team detection and tracking based purely on visual features.

3.3.4 Goalkeeper Team Identification and Player Crop Collection
To support team-based analysis in soccer video understanding, we implemented two utility functions: one for
inferring the team identity of goalkeepers and another for collecting player crops from raw video footage.
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Goalkeeper Team Assignment

The function resolve_goalkeepers_team_id estimates the team identity of each goalkeeper based on spatial
proximity to team centroids. It operates on bottom-center anchor coordinates of all detected players and
goalkeepers. The centroids for each team are computed from player coordinates, and each goalkeeper is assigned
to the nearest team using the Euclidean distance metric.

Player Crop Extraction

The function collect_player_crops iterates through video frames sampled at a fixed stride and applies a
pretrained YOLO-based player detection model [159]. It filters detections by class and confidence, and extracts
image crops for each identified player bounding box. These crops are later used for team classification or
embedding generation.

Together, these functions enhance the system’s ability to semantically structure the spatial layout of players
and build a reliable dataset for further classification or analysis tasks.

3.3.5 Visual Annotation of Players and Field Structure
To enhance the interpretability and visualization of object detection and tracking in soccer analytics, we ini-
tialized multiple annotator classes from the Supervision and Roboflow Sports libraries [140, 160]. These
annotators overlay graphical elements on video frames or static images to represent detected entities and field
structures.

Annotation Tools

We used a variety of different visual annotators:

• BoxAnnotator: Draws bounding boxes around detected players using a custom color palette to distin-
guish between teams or roles.

• LabelAnnotator: Adds textual labels beneath each bounding box to indicate player identity, team
affiliation, or role.

• EllipseAnnotator: Overlays ellipses on important entities such as goalkeepers or the ball.

• TriangleAnnotator: Used to indicate motion direction or tactical roles.

• VertexAnnotator and EdgeAnnotator: Applied in conjunction with a field configuration to draw
points and connecting lines between fixed pitch locations.

Each annotator was configured with specific colors and styling parameters to match the application’s visual
requirements.

Soccer Pitch Rendering

The soccer field was rendered using the draw_pitch function based on the predefined SoccerPitchConfiguration
[160]. This static pitch serves as a spatial reference for transforming object positions via the ViewTransformer
module, enabling field-relative reasoning and alignment.

Such visualization tools play a critical role in explaining model predictions, debugging, and presenting
analytical results to both technical and non-technical audiences.

3.3.6 Frame Processing and Team Classification
Frame Processing

The first frame of the video is processed using the get_video_frames_generator function from the Supervision
library [140]. The model PITCH_DETECTION_MODEL is then used to predict key points on the soccer field, with
a confidence threshold of 0.3. These key points are extracted from the model’s output and stored using the
KeyPoints class from Supervision.

To filter out unreliable key points, a confidence threshold of 0.5 is applied, retaining only key points that
surpass this confidence threshold. These filtered points are then aligned with the corresponding points on the
soccer pitch configuration.

A ViewTransformer is used to map the pitch key points to their corresponding points in the frame. This
transformation allows the model to interpret the soccer field’s geometry in the frame coordinates, facilitating
further analysis of the players’ movements.
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The transformation of the entire set of pitch points is then performed to align the field’s structure in the
frame coordinates.

Team Classifier Training

After obtaining the player crops from the video using the collect_player_crops function, a team classification
model, TeamClassifier, is trained on these crops. The model extracts feature embeddings for each player using
the pre-trained SiglipVisionModel [80], reduces the dimensionality of these embeddings with UMAP [111], and
clusters the players into two distinct teams using KMeans clustering [124].

This method allows for the classification of players into two teams based on visual features, providing a
critical step in the analysis of team dynamics during a match.

Video Analyze
Sports video analysis has become essential for tactical and performance evaluation. This research presents an
integrated system that provides:

• Simultaneous player and ball detection/tracking

• Machine learning-based team classification

• Performance metrics calculation (possession, passes)

• Advanced statistical visualization
The system provides following outputs:

Figure 3.22: Example system output with statistics

3.4 Conclusion
At the end of this chapter, we would like to emphasize that while our initial goal was to help referees reduce unfair
decisions, the journey revealed several unforeseen challenges that required us to adapt our approach. Issues such
as the complexity of ball tracking, player detection in crowded scenes, and the accurate classification of match
events emerged as critical components. These problems, though not anticipated at the start, became essential
to address in order to build a reliable system. By iteratively solving them, we moved closer to developing an
AI-assisted solution that supports referees and enhances the fairness of the game.
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General Conclusion

This work comes at the intersection of two vital fields: football and artificial intelligence. The use of computer
vision techniques presents a promising opportunity to improve game performance through automated and ac-
curate analysis of various elements. The project was launched based on the need to build an intelligent system
capable of understanding and analyzing match scenes, relying on visual data extracted from videos, while taking
into account the challenges associated with accuracy, size, and complexity.

Initially, Semantic Segmentation was used to attempt to classify image elements. However, the results
were unsatisfactory, with an average accuracy of only mAP � 0.42, necessitating the search for alternative
solutions. Object Detection was then used, which demonstrated excellent results in identifying players, referees,
and goalkeepers, achieving mAP � 0.9. As for the ball, due to its relatively small size, the initial results were
inaccurate. This prompted us to retrain a ball-specific model while enlarging the images during the training
phase. This enabled us to achieve good results, with an average mAP of � 0.9. Keypoint detection was then
employed to identify important reference points on the field (such as corners and lines), and this technique also
demonstrated high accuracy, with mAP of � 0.9. Finally, a classification algorithm was applied to classify match
events (into four categories), and the results demonstrated good efficiency, marking a positive step toward the
project’s success and integration.

The primary goal of this work was to contribute to reducing refereeing errors by providing technical tools
capable of analyzing shots with high accuracy, while also supporting tactical analysis for coaches and those
interested in sports performance in football.

The importance of this work lies on several levels. At the football level, the system contributes to improving
the integrity and accuracy of decision-making. At the artificial intelligence level, applying these techniques in a
complex real-world context such as football matches is evidence of the effectiveness of modern computer vision
models. On the academic level, this project provided me, as a master’s student, with the opportunity to apply
theoretical knowledge in a real-world setting, enhancing my research and applied skills.

As for future work, the project opens the door to further developments, including expanding the scope of
event classification to include more complex scenes and improving integration between the system’s various
modules, transforming it into a comprehensive analytical tool that can be used by clubs, sports federations, or
even as a technical support for refereeing official matches.
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