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Abstract

Today, professional sports represent a huge business, where teams are constantly seeking new ways to

optimize their performance. In football, large coaching staffs increasingly rely on modern technologies,

including computer vision, to analyze player behavior and improve tactics. This work focuses on the

automated analysis of football videos by detecting and tracking players, referees, goalkeepers, and the ball

using computer vision techniques. The project builds upon an existing pipeline and extends it by adding

improvements and new modules for detailed match analysis. Our approach combines object detection,

multi-object tracking, homography transformations, and radar-based visualization.
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1. Introduction

Football has evolved into a global industry where

tactical precision and continuous improvement are

essential for success. Coaching staffs are looking

for ways to better understand team dynamics and

player behavior. Automated tracking of players and

the ball offers detailed data that helps coaches iden-

tify mistakes and refine strategies. In this work, we

focus on detecting and tracking key objects (players,

referees, goalkeepers, and the ball) in regular broad-

cast footage and projecting their positions onto a

top-down radar view using homography. Our solu-

tion maintains player identities, distinguishes between

teams, and estimates smooth trajectories. In addition,

we introduce pressing intensity analysis and generate

heatmaps to visualize player activity across the field.

Currently available commercial systems, such as Cat-

apult [1], KINEXON [2], and Mediacoach [3], offer

highly accurate tracking of players and the ball. These

systems often rely on GPS sensors or specialized multi-

camera setups and are widely adopted by professional

clubs in top football leagues. However, they are expen-

sive and require complex infrastructure, making them

impractical for smaller teams or grassroots projects.

2. Proposed Solution

Our system processes football match videos in several

steps. First, two separate object detection models

are used — one specialized for detecting the ball

and another for detecting players, referees, and goal-

keepers, both based on YOLOv8 [4]. Once the key

objects are detected, we apply tracking algorithms

(BYTETracker [5] and BoT-SORT [6]) to associate

detections across frames. To distinguish players by

teams, we extract image crops of each player from the

frame and pass them through a SigLIP[7] embedding

model, which generates feature vectors capturing vi-

sual appearance. These embeddings are then reduced

in dimensionality using UMAP [8] to make cluster-

ing more stable and efficient. After dimensionality

reduction, we apply K-Means [9] clustering to auto-

matically group players into two teams based on their

visual similarity, without any manual labels.

Since goalkeepers often wear jerseys of different col-

ors, we use a custom algorithm to assign each de-

tected goalkeeper to the nearest team. The algorithm

matches each goalkeeper with the closest players

based on position and team distribution, ensuring

that goalkeepers are correctly associated with their

teammates for accurate tactical analysis.

The next step after detection and tracking is project-

ing the player and ball positions onto a standardized

radar view. For this, our system uses a dedicated

model to detect key points on the football pitch, such

as corners and penalty areas. By matching these

detected landmarks with the known real-world dimen-
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sions of the field, we compute an accurate homog-

raphy transformation. This transformation ensures

that all player and ball coordinates are mapped con-

sistently onto a top-down view of the pitch, scaled

to real measurements.

3. Real-Time and Post-Match Analysis

Modes

Our system is designed to operate in two different

modes: real-time and post-match analysis.

In real-time mode, object detections and tracking

are performed frame-by-frame with minimal delay.

This configuration is optimized for live use, providing

immediate feedback during a match.

In post-match mode, additional processing is applied

to improve the completeness and quality of the data.

We perform ball trajectory interpolation, filling gaps

where the ball detection might temporarily fail, es-

pecially during fast or aerial passes. Corrections for

aerial ball trajectories are also applied, ensuring that

the ball draws the accurate trajectory on 2D radar.

Furthermore, post-match mode enables extended ana-

lytics. It supports the estimation of player speeds and

movement directions, calculation of pressing intensity

for individual players, and the generation of heatmaps

that visualize player activity across different zones of

the field.

4. Results

The biggest challenge in our system was achieving re-

liable ball tracking, as the ball is small, fast, and often

occluded. We compared three trackers — BYTE-

Tracker [5], DeepSORT [10], and BoT-SORT [6]

— focusing specifically on ball trajectories. BoT-

SORT achieved the best results, reducing the number

of frames without ball detection to just 10.8% and

maintaining longer, more stable tracks compared to

others. To further boost performance, we introduced

a dedicated one-class model for ball detection, which

improved frame recall from 49% (multi-class model)

to 86% and significantly reduced long gaps without

detection. In post-match mode, we apply interpola-

tion to fill missing ball positions and correct aerial

passes by detecting linear segments using RANSAC

[11], finding peaks in ball acceleration, and adjusting

the trajectory based on interpolated paths. .
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