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Article Info Abstract _ _ o _ _
Computer vision and machine learning have revolutionized the field of sports analytics

by enabling analysts, coaches, and players to obtain important insights about the

ISSN (online): 2582-7138 performance of football matches. The primary difficulty in football analytics is

Volume: 06 precisely identifying and following players, officials, and the ball during play,
Issue: 02 particularly in the face of changing circumstances such player occlusion, rapid
March-April 2025 movement, and shifting camera angles. We suggested a solution to this problem that
Received: 09-01-2025 uses sophisticated computer vision algorithms for accurate tracking and identification
Accepted: 10-02-2025 along with object detection models like YOLO (You Only Look Once).

Key performance metrics including players' speed, total distance traveled, ball
possession, and pass accuracy may all be measured with accurate tracking. In order to
accomplish this, the system analyzes video inputs and uses a YOLOv8x model for
reliable real-time player detection and a fine-tuned YOLOvV5 model designed
especially for small, fast-moving objects like the football. In order to ensure accurate
player movement calculations, K-means clustering is also utilized for team
identification based on jersey color segmentation, and optical flow is utilized to
estimate camera motion.

Accurate distance and speed measurements are made possible by the conversion of
pixel distances to real-world units by perspective transformation. To depict player
heatmaps, pass maps, and possession statistics, we created visual analytics tools with
an interactive user interface for effective use. The efficiency of our method is
demonstrated by a comparison of our model's accuracy and performance with other
industry-standard models. More thorough and precise football match analysis will be
possible with this system's support for numerous camera angles, integration of
prediction models, and real-time analytic features.
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1. Introduction

Significant advances in computer vision and machine learning have been made possible by the quick growth of technology,
opening up new avenues for automation and improved analysis in a variety of sectors, including sports. Sports analytics is one
area that has profited immensely, especially in football, where video-based performance analysis is essential for player
evaluation, training improvement, and strategic planning. Football match analysis has historically depended on subjective
evaluations and manual observations, which were laborious and prone to errors. However, real-time player, referee, and ball
tracking and identification are now possible thanks to the integration of computer vision techniques, opening the door for more
precise and impartial match analysis.

Despite these developments, there are still issues with automating football analysis because of things like quick movements,
occlusion of players, dynamic camera angles, and the football's small size in relation to other objects in the frame. To overcome
these challenges, our contributions are as follows:
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Using YOLOvV5 for ball detection and tracking and
YOLOvV8x for reliable player and referee detection in real-
time video frames, we created a Python-based football
analysis system.

To ensure accurate player difference, we used K-means
clustering for automatic team classification based on jersey
color.

In order to accurately calculate player speed and movement,
we used optical flow algorithms to estimate camera motion
between frames.

In order to measure performance measures like distance
traveled and ball possession, we included perspective
transformation to translate pixel distances into actual
measurements like meters.

2. Related Work

This section examines the body of research on computer
vision and machine learning-based sports analytics, namely
object tracking and identification in football and other sports.
Using YOLOVS8 to detect small, fast-moving objects was the
main goal of the Real-time Flying Object Detection using
YOLOV8 (2024) study. To assess performance, the study
used both small object-specific and generalized datasets. The
YOLOV8 model successfully detected small objects that
made up only 0.01-0.063% of the image size, achieving an
excellent mAP50 of 0.991 and mAP50-95 of 0.835.
Nevertheless, it had trouble precisely identifying tiny items
that mingled with intricate backgrounds.

In order to reduce distractions during live football games,
segmentation and inpainting techniques were investigated in
the work on Real-time camera operator segmentation with
YOLOVS in football video broadcasts (2024). For precise
camera operator segmentation and inpainting, the study used
YOLOV8 on the Cameramen Instances dataset, which
consists of 7,500 photos with 11,000 annotations. This made
it possible to eliminate broadcast interruptions in real time,
but it was difficult to inpaint smoothly across different
backgrounds.

For real-time human activity detection, researchers used the
deep learning technique YOLOV8 in Human Activities
Detection (2023). With the use of an activity-specific dataset,
the model showed excellent accuracy in identifying a wide
range of actions. Overlapping items and the requirement to
maintain real-time inference speed were major obstacles.
Behavioral pattern discovery through object identification
was the main subject of the paper Automatic object detection
for behavioral search using YOLOv8 (2024). Although
complicated object behavior patterns were still hard to
evaluate, the behavioral dataset employed in this study
allowed YOLOVS to detect complex behavior patterns under
demanding situations.

Investigation into the Biomechanical Evaluation of the
Selection of Tennis Batting Angles CNN models were used
under Deep Learning to analyze motion from real-time
camera photos. Limitations including the short dataset size
and lack of reputable data sources presented difficulties even
though the accuracy was higher than that of more
conventional models like GMM, VIBE, and Of.
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The SlowFast architecture was used to the THETIS RGB
dataset for tennis action classification in Classification of
Tennis Actions Using Deep Learning, and it achieved a 74%
generalization accuracy. The accuracy and context were
affected by the lack of ball and non-tennis court footage.
A DCNN-LSTM model was used to a table tennis-specific
dataset in the study Application of Deep Learning in
Automatic Detection of Technical and Tactical Indicators of
Table Tennis. Although the model needed constant parameter
optimization to be used practically, it obtained 89% accuracy
in feature extraction and 90% accuracy in trajectory
prediction.

While addressing the shortcomings of traditional systems,
such as a lack of real-time data and poor tracking precision,
other studies, such as Motion Target Tracking and Detection
Technology for Real-Time Basketball Data Analysis and
Research and Analysis of Sports Training Real-Time
Monitoring System Based on Mobile Al Terminal,
emphasized the significance of real-time tracking and mobile
applications.

Additionally, Smart Dampener showed how to classify tennis
strokes using IMU sensors with 96.75% accuracy; but real-
time analytics that don't interfere with players' movements
were still lacking. Similarly, CNNs were effectively used for
cricket action recognition in Cricket Shot recognition using
2D CNN, while no notable restrictions were found in the
study.

The balance between speed and accuracy was emphasized by
a number of seminal research, including You Only Look
Once (YOLO) and YOLOv3, which offered real-time object
identification algorithms with high FPS and accuracy.
Studies on DloU and CloU Losses and Generalized Focal
Loss tackled issues such as dense object detection and
bounding box regression in order to improve object detection
accuracy.

Studies like OpenPose, Real-Time Pose Estimation for Sports
Action identification, and Real-Time Player Action
Recognition Using Transformers have looked at pose
estimation and action identification in sports. Common issues
include complex backgrounds, dynamic movements, and
occlusions.

To sum up, these connected efforts demonstrate
improvements in deep learning models for sports analytics
and real-time object detection, with a focus on football match
analysis. Complex visual landscapes, real-time processing,
and tracking small objects are still major research and
development challenges.

3. Proposed Framework

With a focus on real-time object detection, tracking, and
performance metric extraction, the suggested system uses a
combination of computer vision and machine learning
approaches to automate the analysis of football matches. In
addition to a number of supplementary methods to improve
accuracy and usability, the framework makes use of YOLOV5
and YOLOv8x for ball, player, and referee detection and
tracking. Below is a summary of the framework's main
elements.
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Fig 1: Framework

3.1 System Overview:

In order to extract and display critical performance metrics
like these, the football analysis system analyzes video input
of football games and carries out object detection, tracking,
and data analysis.

=  Player speed

= Distance covered

= Ball possession

= Number of passes

This is achieved through the following steps:
Video Frame Extraction

Object Detection (Players, Referees, Ball)
Team Classification via Clustering
Camera Motion Estimation

Perspective Transformation

Metric Calculation and Visualization

3 2 Object detection using YOLO:
Ball Detection: A fine-tuned YOLOV5 model is
employed for ball detection due to its ability to
accurately detect small, fast-moving objects.

= Player and Referee Detection: A YOLOv8x model is
used for robust real-time detection of players and
referees across frames.

Both models are trained and optimized for high accuracy and
speed, making them suitable for real-time video processing.

3.3 Team Classification with K-means clustering

To distinguish between teams, K-Means Clustering is applied
based on the RGB pixel values of the players’ jerseys. This
color-based segmentation ensures correct team identification,
which is essential for calculating team-specific statistics such
as possession and passes.

3.4 Camera motion estimation using optical flow

To account for camera movements (e.g., pans, zooms),
Optical Flow is utilized between consecutive frames. This
helps in stabilizing the tracking of player and ball positions,
allowing for accurate calculation of speed and distance
traveled.

3.5 Perspective Transformation

The system implements Perspective Transformation to
convert 2D pixel coordinates into real-world measurements
(meters). This ensures that distance and speed metrics are
accurate regardless of camera angle or field distortion.

3.6 Performance metric calculation

= Player Speed & Distance: Calculated by tracking
player coordinates across frames and converting them
using perspective transformation.

= Ball Possession: Determined by identifying which
team’s player is closest to the ball over time.

= Pass Detection: Inferred from ball movement between
players of the same team.

3.7 User interface & visualization

A graphical interface presents performance insights through:
= Heatmaps: Displaying areas of high player activity.

= Pass Maps: Visualizing successful passes between

teammates.

= Statistical Summaries:  Presenting  possession
percentages, distance covered, and individual player
metrics.

4. Experimental Results

We have implemented a football match analysis system using
object detection and tracking techniques. The system was
developed to detect and track players and the ball across
video frames using pre-trained YOLOvV8 models. The
analysis focused on extracting player and ball positions per
frame, estimating ball possession, and evaluating the
detection accuracy of the model.

We processed a football match video through our system and
extracted frame-wise detection outputs. The video was
sampled at regular intervals (every 30 frames), and the
detection metrics were logged and analyzed. Below is a
snapshot of the detection output over selected frames:

4.1 Table 1: Frame-wise Detection Output

Table 1: Frame-wise Detection Output

Frame Detected _Player Area Detecteq Ball Area
(pixels) (pixels)

0 1456 96
30 1456 96
60 1461 93
90 1422 102
120 1252 165
150 1177 178
180 1168 178
210 1173 177
240 1165 180
270 1169 174
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We approximated the object count from the detected pixel
areas using empirical thresholds. The average player count
was consistent with the expected number of players in the
frame, with +1 accuracy. Ball presence was detected with a
binary classifier threshold based on the area, converted from
pixel measurements.

4.2 Classification accuracy metrics
Using manually labeled ground truth data for select frames,
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we evaluated the binary ball detection performance. The
classification results are as follows:

= Accuracy: 85.71%

=  Precision: 100%

=  Recall: 75%

= F1-Score: 85.71%

4.2.1 K-means to detect teams:
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Fig 2: K-means to detect teams

4.2.2 Ball detection confusion matrix:
A heatmap was generated showing the true positive, false

negative, true negative, and
presence detection.
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Fig 3: Ball Detection Confusion Matrix

4.2.3 Sample frame outputs:
Sample extracted frames from the video with bounding boxes
around detected players and the ball were saved and analyzed

visually. These frame outputs showed consistent detection
and tracking of all players and the ball.
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Fig 4: Sample Frame Outputs

Frame O - Players: 1456, Ball: 96
Frame 30 - Players: 1456, Ball: 96
Frame 60 - Players: 1461, Ball: 93
Frame 90 - Players: 1422, Ball: 102
Frame 120 - Players: 1252, Ball: 165
Frame 150 - Players: 1177, Ball: 178
Frame 180 - Players: 1168, Ball: 178
Frame 210 - Players: 1173, Ball: 177
Frame 240 - Players: 1165, Ball: 180
Frame 270 - Players: 1169, Ball: 174
Frame 300 - Players: 1170, Ball: 173
Frame 330 - Players: 1176, Ball: 157
Frame 360 - Players: 1251, Ball: 151
Frame 390 - Players: 1343, Ball: 116
Frame 420 - Players: 1414, Ball: 95
Frame 450 - Players: 1412, Ball: 95
Frame 480 - Players: 1396, Ball: 100
Frame 510 - Players: 1145, Ball: 97
Frame 540 - Players: 999, Ball: 88
Frame 570 - Players: 960, Ball: 82
Frame 600 - Players: 962, Ball: 82
Frame 630 - Players: 989, Ball: 80
Frame 660 - Players: 1007, Ball: 85
Frame 690 - Players: 1031, Ball: 91
Frame 720 - Players: 1061, Ball: 121

4.2.4 Combined image of all detected frames:
All key frames were compiled into a single image for visual

BRI R P = T T——— < E e v

inspection of detection consistency.

5. Conclusion and future scope

In this study, we used YOLOv8 model-based object
identification and tracking algorithms to construct a football
analysis system. In order to identify players and the ball, the
system analyzed video frames and extracted important
performance metrics including object presence and
movement. Ball detection achieved an accuracy of 85.71%
and consistent frame-wise findings when detection outputs
were examined using classification metrics. The model's
performance was visually validated by extracting and

Fig 5: Combined Image of All Detected Frames

compiling sample frames. Even though the system showed
good real-time detection, more improvements could raise
overall usefulness and accuracy. In the future, we hope to
improve team categorization techniques for possession
analysis, incorporate sophisticated tracking algorithms for
improved object identification maintenance, and expand the
model's functionality to accommodate challenging situations
like occlusion and dynamic camera movement. The system's
dependability in real-world football match scenarios will also
be increased by growing the dataset and improving the
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detection thresholds.
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