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Abstract- The increasing integration of artificial 

intelligence into sports has revolutionized performance 

analysis, enabling deeper insights into team and player 

behavior. This project introduces a lightweight yet 

powerful Sports Analysis Software designed for coaches 

and analysts to evaluate their team’s performance with 

ease. The application incorporates state-of-the-art 

computer vision algorithms—YOLOv5 for object 

detection and DeepSort for tracking—to automate 

player detection and movement analysis from video 

footage. Key features include automated offense and 

defense classification, lineup builder, post-game data 

breakdown, and graph-based performance summaries. 

Users can import match videos locally or via cloud or 

YouTube, enhancing accessibility and flexibility. 

Additionally, the tool allows for custom dataset training, 

empowering teams to personalize the model for higher 

accuracy. With a user-friendly interface and extensible 

architecture, the software streamlines game analysis, 

contributing to more informed coaching strategies and 

improved athletic outcomes. 
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I. INTRODUCTION 

 

In the modern era of sports, particularly in football, 

the integration of technology has become essential 

to strategic development, performance evaluation, 

and team optimization. As matches become more 

competitive and data-driven insights gain 

precedence, coaches and analysts seek tools that go 

beyond traditional observation and manual note-

taking. However, most advanced sports analytics 

platforms remain commercially restrictive, overly 

complex, or financially inaccessible to grassroots 

coaches, school teams, and small clubs. 

In recent decades, sports have evolved beyond the 

physical boundaries of the field, transforming into a 

multidisciplinary domain where data, analytics, and 

machine learning intersect with athletic 

performance. With the proliferation of video 

footage, wearable sensors, and tracking systems, 

coaches and analysts now have access to vast 

amounts of data. However, the true value of this 

data is only realized when it can be interpreted, 

visualized, and utilized in meaningful ways. This 

necessity has driven the innovation of sports 

analysis software, tailored to turn raw data into 

actionable insights. 

 

To bridge this accessibility gap and democratize 

performance evaluation, this project introduces a 

lightweight, open-source Sports Analysis Software 

designed specifically for football coaching and 

match analysis. The tool leverages powerful yet 

efficient AI models—YOLOv5 for real-time player 

detection and DeepSort for continuous player 

tracking—to convert raw match footage into 

meaningful insights. With a focus on usability, the 

software allows coaches to upload local game 

videos, import from cloud sources or even directly 

from YouTube, and generate tactical breakdowns in 

just a few clicks. 

 

The software is designed with a dual-module 

architecture: 

Module 1 enables automated analysis by detecting 

and tracking players throughout the game, 

identifying offensive and defensive phases, and 

generating performance graphs and visual 

heatmaps. This allows coaches to evaluate team 

structure, formation discipline, and player 

involvement patterns. 

 

Module 2 focuses on pre- and post-game planning. 

Using a built-in Lineup Builder, coaches can 

customize player arrangements, store previous 

lineups, and make tactical adjustments. The module 

also supports detailed post-match reports, including 
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possession trends, player workload, and movement 

efficiency. 

A key highlight of the software is its support for 

training custom detection models using local 

datasets, allowing users to fine-tune the AI to suit 

their team’s jersey colors, formations, or unique 

tactical styles. Furthermore, the platform is intuitive 

and user-friendly—requiring no advanced technical 

knowledge. Features such as visual dashboards, 

match summaries, downloadable reports, and team 

progress tracking empower coaches to make data-

informed decisions on strategy and player 

development.  

 

By embracing open-source principles and offering 

cloud flexibility, this software aligns with modern 

coaching needs—supporting not only competitive 

excellence but also the holistic development of 

players. It serves as an educational and tactical asset 

for schools, academies, and grassroots initiatives 

striving to improve their understanding of the 

beautiful game.    

 

II. LITERATURE SURVEY 

 

The application of artificial intelligence (AI) and 

computer vision in sports—particularly football—

has seen a dramatic rise in recent years, as coaches 

and analysts increasingly rely on data-driven 

strategies to enhance team performance. Numerous 

studies and technological developments have 

emphasized the value of visual analytics, automated 

tracking, and player behavior analysis in both 

professional and amateur settings. 

 

Almeida, F., et al. (2021) proposed an innovative 

approach to injury recovery analysis by using deep 

learning models to predict the recovery times of 

injured players. They combined multiple types of 

data, including MRI scans, player workload, and 

performance metrics, to estimate how long it would 

take for players to return to peak performance. 

Their model, which utilized convolutional neural 

networks (CNNs), was trained on dataset of 

previous injuries and recovery patterns. The study 

found that deep learning techniques could predict 

recovery times more accurately than traditional 

methods, which often relied on subjective 

assessments. This has significant implications for 

sports management, as teams can better plan player 

rotations and training schedules around injury 

recovery timelines. 

Almeida, J., & Costa, M. (2022) focused on the use 

of automated video analysis and machine learning 

to evaluate team tactics in professional basketball. 

The study leveraged computer vision techniques to 

extract player movement data from broadcast videos 

and then applied clustering algorithms and sequence 

learning models like LSTM (Long Short-Term 

Memory) networks to identify offensive and 

defensive patterns. Their goal was to detect 

recurring play styles, screen formations, and 

transitions to assist in opponent scouting and in-

game strategy planning. Results showed that the 

automated system could recognize complex tactical 

maneuvers with high accuracy and provided 

actionable insights to coaching staff. The authors 

emphasized the significance of combining video 

analytics with machine learning for tactical 

intelligence, enabling teams to enhance preparation 

and adapt dynamically during matches.  

 

Badrinarayanan, V., et al. (2018) investigated the 

use of SegNet, a deep learning model for semantic 

segmentation, in sports analysis. Their work 

focused on applying SegNet to segment different 

regions of the sports field, such as goal areas, player 

zones, and sideline markings. By segmenting these 

areas, coaches can gain insights into team 

formations and positional play. Segmentation 

techniques also help in analyzing player movement 

patterns within specific field zones, providing a 

more detailed understanding of the tactical setup. 

Their study concluded that SegNet is particularly 

beneficial for sports that require fine-grained 

analysis of spatial relationships, such as soccer and 

football. The application of such models aids in 

optimizing team strategies by identifying space 

utilization and movement efficiency. 

 

Baker, J., & Horton, S. (2004) examined how 

biomechanics and sports psychology can benefit 

from the use of machine learning algorithms in 

sports performance analysis. Their study 

demonstrated how kinematic analysis, which tracks 

movements like sprinting or jumping, could be 

paired with machine learning techniques to assess 

athlete fatigue and injury risks. Using decision trees 

and regression models, they analyzed a combination 

of physical markers (e.g., stride length, velocity) 

and psychological indicators. Their findings 

revealed that predictive models could identify signs 

of fatigue before an athlete’s performance 

noticeably declines, enabling coaches to take 



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002 

IJIRT 178253   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      3212 

preventive actions. The integration of these models 

into training regimens helped in improving athletes’ 

endurance and reducing injury rates by adjusting 

training intensities accordingly.  

 

Bewley, A., et al. (2016) proposed the SORT 

(Simple Online and Realtime Tracking) algorithm, 

which offers a lightweight and efficient solution for 

real-time multi-object tracking. While the algorithm 

is simpler than DeepSort, it laid the foundation for 

later improvements in player tracking by providing 

a basic framework for online tracking in video 

streams. The simplicity of SORT allowed for fast 

implementation in sports analysis systems, enabling 

coaches to track player movements without 

significant computational overhead. The key 

strength of SORT is its ability to process video 

frames in real time, which is crucial for live sports 

events where timing is everything. Although it lacks 

some of the advanced features of DeepSort, SORT 

remains a reliable tool for applications where 

performance speed is prioritized over feature 

complexity. 

 

 Bian, H., & Zhang, Y. (2020) proposed a hybrid 

model combining machine learning and network 

analysis to examine soccer team dynamics. Their 

system incorporated neural networks and graph 

theory to assess how player interactions, both 

offensively and defensively, affected team 

performance. By analyzing the passing network and 

player positioning data from recorded games, the 

model was able to predict not only individual player 

performance but also overall team efficiency. The 

results indicated that team cohesion and passing 

strategies significantly influenced match outcomes, 

and the use of network-based metrics in machine 

learning models led to more accurate predictions 

than traditional statistical methods 

 

Ribeiro, P., & Silva, D. (2018) conducted a 

comprehensive study on predicting match outcomes 

in rugby using machine learning and statistical 

analysis. They applied models such as Logistic 

Regression, Naive Bayes, and k-Nearest Neighbors 

(k-NN) to predict match results based on variables 

like team strength, historical performance, and 

match location. Their study found that machine 

learning models could predict outcomes with higher 

accuracy compared to traditional methods, 

providing a statistical advantage for analysts and 

coaches.  

III. PROPOSED METHODOLOGY 

 

The proposed system is a computer vision-based 

football analysis software aimed at enhancing 

tactical understanding, player development, and 

strategic decision-making in football coaching. In 

an era where data-driven approaches dominate elite 

sports, this project offers an accessible, automated 

solution for video analysis tailored to school and 

amateur-level football teams. 

 

The system integrates state-of-the-art object 

detection and tracking models—YOLOv5 for 

identifying players and DeepSort for maintaining 

consistent tracking over time. By combining these 

technologies, the software captures player positions, 

trajectories, and team formations in real-time from 

standard match footage. 

 

The key objective is to transform raw video data 

into actionable insights without requiring expensive 

hardware or manual tagging. Through a user-

friendly interface, coaches and players can visualize 

movement patterns, zone coverage, off-the-ball 

positioning, and overall tactical structure. This 

feedback loop supports reflective learning and 

facilitates better planning for future training 

sessions and matches. 

 

The software operates in three primary phases: (1) 

video upload and frame extraction, (2) object 

detection and player tracking, and (3) visual output 

generation. Each phase is optimized to be 

computationally efficient while preserving analysis 

accuracy. Real-time and post-match modes are 

supported, ensuring the tool can be used both during 

live coaching and for detailed review. 

 

Cross-platform compatibility ensures the system 

runs seamlessly on desktops, laptops, and mobile 

devices. The intuitive interface allows users to 

pause, rewind, annotate, and tag key events like 

goals, passes, and defensive errors. A database-

driven backend stores match history, player 

heatmaps, and positional statistics, enabling 

longitudinal performance tracking. 

 

By incorporating AI into grassroots football 

coaching, this methodology bridges the gap 

between amateur and professional analytics, 

empowering educators and trainers to implement 

modern, evidence-based strategies. 
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III. SYSTEM  IMPLEMENTATION 

 

1. YOLOv5 for Player Detection: 

 

The core detection module in the system is based on 

YOLOv5 (You Only Look Once, version 5), a 

convolutional neural network architecture designed 

for real-time object detection. YOLOv5 divides 

each video frame into a grid and predicts bounding 

boxes and class probabilities for each cell. In this 

application, YOLOv5 is trained on a custom dataset 

comprising annotated frames from football matches, 

where each player is labeled with class identifiers 

such as MyTeam, Opponent, or Center. The model 

was fine-tuned using transfer learning from pre-

trained weights to adapt to the specific context of 

team sports. This enables the model to detect 

multiple players per frame with high precision and 

minimal latency.  Training involved a diverse 

dataset to account for varying camera angles, 

lighting conditions, occlusion, and player postures. 

Annotations were either performed manually or 

semi-automatically using annotation tools, ensuring 

consistent label quality.  

 

2. DeepSORT for Temporal Player Tracking: 

 

While YOLOv5 is effective for per-frame detection, 

it lacks temporal consistency across video frames. 

To address this, DeepSORT (Deep Simple Online 

and Realtime Tracking) is employed to maintain 

persistent player identities over time. DeepSORT 

enhances the original SORT algorithm by 

incorporating a deep appearance descriptor model, 

allowing robust identity assignment even in 

crowded or occluded scenes.  Each detected player 

is assigned a unique ID, and DeepSORT leverages a 

combination of motion models (Kalman filtering) 

and appearance embeddings (generated via a 

convolutional network) to associate detections 

across frames. The system can handle identity 

switches, re-identify players after temporary 

occlusion, and sustain tracking throughout an entire 

match. This temporal continuity is essential for 

generating accurate player trajectories, speed 

estimations, and behavioral analytics. 

 

3. Custom Dataset and Training Workflow: 

 

A domain-specific dataset was curated for training 

YOLOv5. This dataset includes thousands of 

labeled images extracted from professional and 

amateur football match videos. Each image was 

annotated with bounding boxes and class labels 

corresponding to player roles or team associations. 

The dataset emphasizes variability in background 

clutter, weather conditions, jersey colors, and match 

settings to promote model generalization.  The 

training pipeline involves resizing images to a 

uniform resolution, applying data augmentation 

(e.g., horizontal flipping, random cropping), and 

optimizing the model using stochastic gradient 

descent with cosine learning rate scheduling. 

Validation on a separate test set ensured the model 

achieved satisfactory mean average precision 

(mAP) for player detection. 

 

4. Video Acquisition and Preprocessing: 

 

The application supports two primary modes of 

video input: direct file upload and YouTube URL 

integration. Videos downloaded from YouTube are 

automatically saved and decomposed into frames 

for analysis. Preprocessing includes resolution 

standardization and frame sampling to balance 

performance and accuracy.  Each frame is passed 

through the YOLOv5 model for detection, followed 

by DeepSORT for tracking. The result is a sequence 

of frames with annotated player bounding boxes 

and ID overlays, rendered into an output video for 

review. 

 

5. Interactive Lineup Builder: 

 

 An integrated lineup management interface allows 

coaches to design and modify team formations. 

Players can be added or rearranged via a drag-and-

drop interface, and historical performance data can 

be used to inform decisions. The lineup builder 

connects directly with detection outputs, enabling 

rapid what-if analysis based on actual match data.  

Formations can be saved, compared, and reused 

across games, supporting both pre-game planning 

and post-game review. The system enables strategy 

simulation by allowing users to load different 

lineups and observe how individual players perform 

in various roles and positions. 

 

IV. ADVANTAGES 

 

Enhanced Tactical Understanding: The software 

provides visual breakdowns of formations, player 

movements, and positional patterns, allowing 

coaches and players to better understand in-game 
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tactics. Visual aids improve comprehension 

compared to verbal-only instructions. 

 

Data-Driven Coaching: I By automating player 

tracking and performance metrics, the tool 

empowers coaches to make informed decisions 

based on objective data. This reduces reliance on 

subjective observations and enhances strategic 

planning. 

 

Real-Time Feedback: The system offers immediate 

visual feedback during or after matches, enabling 

quick corrections and targeted training. Real-time 

insights help players recognize mistakes and adjust 

their gameplay on the spot. 

 

Performance Tracking Over Time: With historical 

match data and individual player statistics, coaches 

can track development trends, identify strengths and 

weaknesses, and personalize training regimes 

accordingly. 

 

Improved Player Engagement: Players become 

more invested in their improvement when they can 

see their movement paths, heatmaps, and 

contributions visualized on screen. This boosts 

motivation and accountability. 

 

Affordable and Accessible Analysis: Unlike 

traditional video analysis tools used at elite levels, 

this system offers a cost-effective, accessible 

solution suitable for schools, academies, and 

grassroots clubs using standard match footage. 

 

Strategic Game Planning: The software supports 

pre-match planning and post-match reviews by 

enabling scenario simulation, opposition analysis, 

and tactical preparation, helping teams gain a 

competitive edge. 

 

Facilitates Communication: Visual outputs enhance 

communication between coaches and players by 

providing a shared understanding of tactics, 

reducing ambiguity and improving learning 

retention. 

 

Cross-Platform Accessibility: Designed to work on 

desktops, tablets, and mobile devices, the tool can 

be used on the field, in classrooms, or at home 

supporting both in-person and remote coaching 

environments. 

 

Skill Development and Awareness: By highlighting 

spatial awareness, positioning, and decision-

making, the system encourages players to develop 

game intelligence and tactical discipline beyond 

physical skills. 

 

Supports Ethical Play and Sportsmanship: With 

built-in annotations and feedback options, the 

software can also be used to discuss fair play, rules 

understanding, and respect for opponents—

reinforcing the values of sportsmanship. 

 

V. RESULT AND ANALYSIS 

 

The implementation and deployment of the football 

analysis and coaching software have demonstrated 

substantial benefits in both player development and 

coaching effectiveness. The software has proven 

successful in transforming conventional training 

into a data-driven, interactive experience that 

enhances understanding of tactical and technical 

aspects of the game. Through visual feedback, 

performance metrics, and scenario-based 

simulations, players engaged with the content 

dynamically, improving both awareness and 

execution on the field. 

 

Pre- and Post-Performance Comparison: 

Data gathered from training sessions and match-day 

analyses revealed a noticeable improvement in 

players' decision-making, positioning, and tactical 

discipline. Comparative performance metrics (e.g., 

pass accuracy, heat maps, defensive positioning) 

before and after using the software showed marked 

development in individual and team performance. 

This validated the software’s capability to enhance 

learning through visual and interactive feedback 

loops. 

 

User Experience and Accessibility: 

The intuitive and visually rich interface was praised 

by both coaches and players, making navigation 

seamless even for younger or less tech-savvy users. 

Its compatibility with multiple platforms—

including tablets, smartphones, and PCs—allowed 

for flexible usage during practice sessions, match 

reviews, or at home. Adjustable settings for 

performance goals and feedback granularity also 

enabled coaches to tailor the experience for varying 

skill levels and team strategies. 

 

Feedback from Coaches and Players: 
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Feedback was overwhelmingly positive, with 

coaches emphasizing the ease of illustrating tactical 

concepts and tracking progress using the software. 

Players appreciated the opportunity to visually 

understand their movements and actions on the 

field, which improved their spatial awareness and 

accountability. However, some limitations were 

identified, especially in resource-constrained 

settings where access to high-quality video footage 

or devices was limited. Additionally, while the 

system worked well for foundational tactics, more 

advanced analytics such as predictive decision-

making or opponent modeling were not yet 

supported. 

 

Challenges and Areas for Improvement: 

Although the software delivered strong outcomes, a 

few challenges were noted. Its current focus on 

foundational training meant that higher-level teams 

seeking in-depth analytics or AI-driven strategic 

insights found the tool somewhat limited. 

Moreover, consistent access to quality match 

footage remained a barrier for some grassroots 

teams, indicating a need for a more lightweight or 

manual data-entry version. Incorporating more 

region-specific content and league-based templates 

could further enhance contextual relevance and 

adoption. 

 

Recommendations for Future Development: 

 

Based on feedback and performance analysis, several 

recommendations for improvement have been 

proposed: 

 

 Advanced Tactical Modules: Add support for 

advanced play patterns, pressing systems, and 

opposition analysis for experienced teams. 

 Integrated Video Analysis Tools: Allow 

coaches to import and tag match clips with AI-

assisted annotations for deeper learning. 

 Coach Onboarding Resources: Provide training 

materials or certification programs to help 

coaches fully leverage all features. 

 Offline-Compatible Version: Develop a lower-

bandwidth or offline version for schools or 

teams with limited tech infrastructure. 

 

VI. SAMPLE OUTPUT 

 

 

 
  

 
 

 
 

VI. CONCLUSION 

 

In conclusion, the football analysis and coaching 

software represents a transformative leap in how 

players learn, train, and improve their game. By 

seamlessly integrating technology with coaching 

methodologies, the platform turns traditional 

football education into a dynamic, engaging, and 

data-driven experience. Through interactive drills, 

real-time performance feedback, tactical 

simulations, and video-based learning, players gain 

a deeper and more practical understanding of both 

individual and team-based football strategies. 

 

This project addresses key challenges in modern 

football training by offering a scalable, intuitive, 

and accessible solution that supports coaches and 

players at all levels. Its cross-platform 

compatibility, personalized performance tracking, 

and features like leaderboards, player heat maps, 
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and tactical reviews make it suitable for use in both 

grassroots and advanced football environments. The 

gamified approach and visual tools ensure that 

learning remains not only effective but also 

enjoyable and motivating. 

 

Ultimately, this system has the potential to reshape 

the way young athletes and coaches approach 

football development. By providing meaningful 

insights, fostering strategic thinking, and promoting 

consistent skill improvement, it lays the foundation 

for nurturing technically sound, tactically aware, 

and confident football players. With continued 

updates and enhancements, this platform can inspire 

future generations to reach their full potential on 

and off the pitch, advancing the overall quality and 

accessibility of football education. 
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