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Abstract

Recent developments in computer vision have significantly enhanced the automation and
objectivity of sports analytics. This paper proposes a novel deep learning-based framework
for estimating football possession directly from broadcast video, eliminating the reliance on
manual annotations or event-based data that are often labor-intensive, subjective, and tem-
porally coarse. The framework incorporates two structurally improved object detection
models: YOLOv8-P2S3A for football detection and YOLOv8-HWD3A for player detection.
These models demonstrate superior accuracy compared to baseline detectors, achieving
79.4% and 71.1% validation average precision, respectively, while maintaining low compu-
tational latency. Team identification is accomplished through unsupervised DBSCAN clus-
tering on jersey color features, enabling robust and label-free team assignment across di-
verse match scenarios. Object trajectories are maintained via the Norfair multi-object track-
ing algorithm, and a temporally aware refinement module ensures accurate estimation of
ball possession durations. Extensive experiments were conducted on a dataset comprising
20 full-match Video clips. The proposed system achieved a root mean square error (RMSE)
of 4.87 in possession estimation, outperforming all evaluated baselines, including
YOLOvV10n (RMSE: 5.12) and YOLOv11 (RMSE: 5.17), with a substantial improvement over
YOLOv6n (RMSE: 12.73). These results substantiate the effectiveness of the proposed frame-

work in enhancing the precision, efficiency, and automation of football analytics, offering
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computer vision has seen growing integration into sports sciences in recent years. Driven
by advancements in GPU computing power and the accelerated maturation of relevant al-
gorithms, human pose estimation—an essential component of computer vision—has
emerged as a prominent research focus in the field of sports science. Alongside the sustained
development of international sports technology, the industry is undergoing a paradigm
shift from being “experience-driven” to “technology-driven,” with scientific and technolog-
ical innovation now serving as a key driver of sports science system development. Concur-
rently, the accelerating pace of digital transformation is refining the theoretical frameworks
and technical foundations of AL Within this context, elite sports—at the core of the broader
sports ecosystem —have increasingly incorporated Al-powered solutions to meet the evolv-
ing demands of athletes, coaches, and referees. These include intelligent training systems
based on human motion capture and recognition, sparring robots, tactical optimization plat-
forms, and automated officiating and decision-support tools. These technologies have been
widely deployed across training, competition, and officiating scenarios, enhancing athletic
performance, mitigating injury risks, and offering crucial support for the development of a
technologically empowered sports nation 1.

In recent years, with the rapid advancement of deep learning architectures, object de-
tection and multi-object tracking technologies have become central components in auto-
mated sports ideo analysis. Comprehensive reviews have summarized the evolution of one-
stage detection frameworks such as the YOLO series, highlighting architectural improve-
ments from early anchor-based models to recent anchor-free and feature-enhanced versions
including YOLOv10 and YOLOv11, which significantly improve real-time inference effi-
ciency and small-object detection capability (Ali & Zhang, 2024) 2. These developments have
further strengthened the applicability of YOLO-based models in dynamic and complex
sports scenarios.

This study focuses on the automatic extraction of ball possession information from spa-
tiotemporal tracking data in football matches. In a typical football analytics pipeline, the
estimation of ball possession and match status constitutes a foundational step for under-
standing game events and their interrelationships. In the absence of such information, ana-
lytical efforts are often limited to basic physical metrics such as movement distance and
velocity. However, with access to accurate possession data, the scope of analysis can be sig-
nificantly expanded: not only can core match statistics be computed, but individual passing
actions can be identified and evaluated, the game segmented into discrete tactical units, and
the behavioral patterns of players and teams during offensive and defensive phases further
analyzed.

Possession percentage —defined as the proportion of total match time during which a
team controls the ball —serves as a key indicator of team dominance and is widely utilized
in tactical football analysis. Research has shown that possession metrics are closely linked
to several critical performance indicators, and can be used to assess differences in physical
and technical execution between teams 3, as well as to support the interpretation of tactical
decisions and match dynamics 4.

Moreover, analyses based on data from major international football tournaments sug-
gest that higher possession percentages are often associated with favorable outcomes. For
instance, in all matches of the 2014 FIFA World Cup, the winning teams generally recorded
possession rates exceeding 50%, with Germany —the eventual champion—achieving the
highest average possession 5. Similar trends have been observed in the English Premier
League, where successful teams tend to sustain longer periods of ball possession 6.

At present, data acquisition in top-tier football competitions predominantly relies on
professional sports analytics companies such as OPTA Sports data. This company employs
two teams of experienced operators to manually annotate matches in real time, supplement-
ing the process with computer-generated data to derive key performance metrics such as
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possession percentage 7. However, this approach is labor-intensive and time-consuming,
and it introduces a degree of subjectivity due to its dependence on human annotation and
professional judgment. Notably, OPTA has also revised its definition of possession, propos-
ing that successful passes better reflect a team’s ability to retain control. Accordingly, pos-
session is defined as the proportion of a team’s completed passes relative to the total passes
made by both teams. This pass-based approach neglects other important aspects of posses-
sion, such as individual ball retention and tactical time-wasting, thereby limiting its com-
prehensiveness.

Traditional methods for estimating possession typically rely on manual tracking or of-
fline analysis of event-based data, which are constrained by high subjectivity, limited real-
time capabilities, and incomplete data coverage. With the rapid advancement of computer
vision technologies in sports analytics, new opportunities have emerged for the automated
and fine-grained extraction of possession-related information. Deep learning-based object
detection models—particularly the YOLO (You Only Look Once) family—have demon-
strated remarkable performance in object recognition tasks and laid a robust technical foun-
dation for real-time sports data analysis.

Recent studies have further demonstrated the effectiveness of integrating advanced
YOLO models with multi-object tracking algorithms for football analytics. For example,
Shankara et al. (2023) combined YOLOv8 with ByteTrack to perform accurate detection and
tracking of players and the ball, enabling automated extraction of football-related statistics
and supporting possession analysis based on persistent track identities 8. Similarly, Wang
(2025) enhanced YOLOV5 by incorporating DeepSORT and attention mechanisms to im-
prove robustness under occlusion and motion blur conditions in sports videos. These inte-
grated detection-tracking pipelines reflect the current mainstream approach in football
Video analytics 9.

Nevertheless, applying object detection models to possession estimation remains chal-
lenging due to issues such as suboptimal player identification accuracy, difficulty in infer-
ring possession attribution, and limited computational efficiency in real-time contexts. Fur-
thermore, the absence of reliable possession information significantly hinders subsequent
data-driven analyses (Richly et al., 2017) 10. One of the primary motivations for developing
automated possession extraction methods is to circumvent the inefficiencies and limitations
of manual processes, while also enabling the recovery of missing possession data from his-
torical matches—thus extending the utility of existing spatiotemporal tracking datasets.

In addition to detection challenges, maintaining consistent player identities across
frames is critical for reliable possession inference. Recent advancements in sports-oriented
multi-object tracking have addressed this issue. Sun et al. (2024) proposed a Global Tracklet
Association (GTA) framework to enhance identity consistency in sports tracking scenarios,
while Gran-Henriksen et al. (2024) introduced Deep HM-SORT, integrating improved mo-
tion modeling and deep feature representations to strengthen tracking robustness 11. Fur-
thermore, the release of large-scale sports multi-object tracking datasets such as Scott (2024)
has facilitated benchmarking and evaluation of full-pitch tracking systems in football, pro-
moting methodological improvements in this domain 13.

Despite the critical importance of automated possession estimation in football analyt-
ics, research on this topic remains relatively scarce in the scientific literature, particularly
approaches that utilize spatiotemporal tracking data. This gap is largely due to the lack of
publicly available, high-quality datasets.

Existing methods for possession estimation are often based on varying definitions of
“possession,” such as pass-based metrics (Glasser, 2014; Sarkar et al., 2019) 14 or rule-based
heuristics manually designed to reflect expert knowledge (Bradley et al., 2013; Khaustov &
Mozgovoy, 2020; Morra et al., 2020) 1617Error! Reference source not found.. However,
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these approaches exhibit notable limitations when addressing the complexity of dynamic
in-game scenarios or approximating human-level interpretative logic.

To address the aforementioned limitations, this study proposes an automated posses-
sion estimation framework that integrates computer vision and deep learning techniques.
The proposed method extracts spatiotemporal tracking data of players and the ball directly
from the match video, eliminating the need for handcrafted rule sets based on domain ex-
pertise, and enabling accurate estimation of possession status.

Specifically, the system first employs the YOLOVS object detection model to identify
players and the ball in each Video frame. Subsequently, a team classification process is con-
ducted using a color-based clustering algorithm. Given the visual uniformity in jersey colors
among players on the same team, a density-based clustering algorithm, DBSCAN (Density-
Based Spatial Clustering of Applications with Noise), is applied to segment the jersey re-
gions and automatically assign players to their respective teams.

Once object detection and initial classification are complete, the system proceeds to the
multi-object tracking stage. To ensure consistent identity assignment across frames, a mod-
ular tracking framework based on the SORT (Simple Online and Realtime Tracking) algo-
rithm is implemented via the Norfair library. SORT combines Kalman filtering with the
Hungarian algorithm, offering high efficiency and accuracy in real-time tracking tasks.
Norfair further enhances SORT’s capabilities, making it more suitable for the complex mo-
tion patterns characteristic of sports scenarios, thereby enabling stable multi-object tracking
throughout the match.

Following tracking, the system enters the possession inference and estimation phase.
A temporal decision mechanism is introduced, leveraging frame-wise time-series infor-
mation. By computing the Euclidean distance between the ball and each player in every
frame, the system identifies the player closest to the ball. If this minimum distance falls be-
low a predefined threshold, the player is considered to be in possession. Possession frames
are then tallied according to team affiliation, and the final possession percentage is calcu-
lated as the ratio of each team’s possession frames to the total number of frames. This
method accounts for both spatial proximity and temporal continuity between players and
the ball, allowing for robust estimation of dynamic possession states across varying tactical
styles and match rhythms.

The primary contributions of this study are as follows:

An integrated player identification and team classification method that combines
YOLOVS object detection with color-based clustering;

A robust and efficient multi-object tracking module built upon the Norfair framework,
tailored for complex sports environments;

A novel temporal decision mechanism for dynamic possession attribution and percent-
age estimation, enhancing both accuracy and real-time performance.

Through this structured pipeline, we present a comprehensive possession estimation
system that offers a scalable, automated, and accurate solution for football data analytics.
Comparative evaluations demonstrate that the proposed method significantly outperforms
traditional rule-based approaches.

The remainder of this paper is organized as follows: Section 2 reviews related work in
the domain of sports analytics; Section 3 details the proposed methodology; Section 4 pre-
sents the experimental setup and evaluation results; and Section 5 concludes the study with
a discussion of future research directions.

2. Related Work

In recent years, the analysis of sports events—particularly event detection in football
matches—has garnered increasing attention and has been addressed through a variety of
methodological approaches. Existing literature typically categorizes these methods based
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on the type of input data utilized, which generally falls into three groups: visual data, track-
ing data, or a fusion of both.

2.1. Visual Data

The application of computer vision in football analytics can be traced back to the early
use of traditional computer vision and signal processing algorithms. During this period,
researchers achieved relatively high accuracy in detecting and tracking both players and the
ball 18. However, these approaches heavily relied on handcrafted feature extraction tech-
niques, which lacked robustness in complex match environments and were particularly sen-
sitive to variations in lighting conditions, occlusion, and motion blur.

The advent of deep learning marked a transformative shift in the field. The introduc-
tion of AlexNet 19, for instance, significantly accelerated the development of computer vi-
sion. Subsequent studies leveraged artificial neural networks (ANNSs) for the detection and
tracking of the ball, goalposts, and field markings, particularly in the context of robotic foot-
ball competitions 20. In parallel, research began to focus on the detection of critical in-game
events, such as offside decisions 21, penalty situations, and dead-ball scenarios 22, laying a
solid foundation for automated match analysis. Nevertheless, investigations into ball pos-
session and the calculation of possession time remain relatively underexplored. Achieving
accurate and real-time estimation of ball possession continues to pose an open challenge.

In recent years, computer vision and deep learning have made substantial progress in
the automated recognition of match data, player tracking, and tactical analysis. The YOLO
(You Only Look Once) family of object detection models, known for their end-to-end struc-
ture and high-speed inference, has been widely adopted in football analytics for detecting
players, balls, and match events 23. For instance, the YOLO model introduced by Redmon
et al. (2016) 24 has demonstrated outstanding performance in real-time detection tasks in-
volving both players and the ball. Hong et al. (2018) 25 employed convolutional neural net-
works (CNNs) to detect key events in football matches, while Xu and Tasaka (2020) 26 en-
hanced event detection accuracy through the integration of multi-viewVideodata.

Beyond object detection, time-series analysis has also played a critical role in
sportsVideoanalytics. For example, Sorano et al. (2021) 27 proposed the use of convolutional
recurrent neural networks (CRNNs) and temporal convolutional networks (TCNs) to ex-
tract temporal features, thereby enhancing the analysis of tactical patterns and ball posses-
sion transitions. However, the high computational demands of these methods often limit
their applicability in real-time scenarios. To address this limitation, recent studies have in-
tegrated multi-object tracking (MOT) techniques to improve real-time tracking of player and
ball trajectories. Combined with temporal analysis, these approaches aim to refine the de-
termination of ball possession and enhance the accuracy and practicality of possession time
estimation. In addition to large-scale object detection tasks, few-shot detection has also at-
tracted growing attention in domain-specific applications where labeled data are scarce. Hu
et al. (2021) investigated railway automatic switch stationary contact wear detection under
few-shot conditions using a YOLO-based framework 28. Their study addressed the chal-
lenge of maintaining detection accuracy when only a limited number of annotated samples
were available, which is common in industrial inspection scenarios. By adapting the detec-
tion architecture and optimizing the training strategy for small-sample environments, the
proposed approach demonstrated that YOLO-based models can achieve stable and reliable
performance even under constrained data conditions. This work further highlights the
adaptability and generalization capability of deep learning-based object detection frame-
works across diverse application domains.

https://doi.org/10.3390/s26041252



Sensors 2026, 26, 1252

6 of 24

2.2. Tracking Data

In the field of sports match analysis, multi-object tracking (MOT) is considered one of
the core tasks for enabling dynamic tactical recognition and accurate ball possession evalu-
ation. Early MOT research predominantly relied on classical techniques such as Kalman fil-
tering and the Hungarian algorithm, as demonstrated by Berclaz et al. (2011) 29. In recent
years, the integration of deep learning with traditional tracking methodologies has signifi-
cantly enhanced MOT performance.

SORT combines Kalman filtering with the Hungarian algorithm to achieve efficient
multi-target tracking. Its success inspired the development of more robust models, such as
DeepSORT (Wojke et al., 2017) 30, which incorporates deep feature embeddings to improve
target association under occlusions and appearance variations. Building upon advances in
the MOT domain, Tryolabs introduced the modular tracking library Norfair 31. Norfair pro-
vides a flexible tracking framework that supports custom matching strategies and performs
well in challenging conditions such as target occlusion and nonlinear movement, making it
highly suitable for sports analytics applications.

Beyond detection and tracking, trajectory-based data has also become increasingly im-
portant in sports analysis. For example, Horton (2020) 32 proposed a trajectory-embedding-
based learning approach to characterize player movement patterns in American football.
Lucey et al. (2013) 33 introduced a role-based, rather than identity-based, framework for
tactical analysis, which better reflects team structure and strategy. In football, identifying
ball possession is a key analytic goal. Link and Hoernig (2017) 34 developed a rule-based
approach that infers possession changes based on ball acceleration patterns. Similarly, San-
ford et al. (2020) 35 conducted a comparative study of I3D and TCN + Transformer models
using both visual and trajectory data, showing that incorporating trajectory features signif-
icantly improves event detection accuracy.

Building on this body of work, the present study proposes a real-time football match
analysis system that integrates state-of-the-art detection, clustering, and tracking techniques
to enhance the accuracy and real-time performance of ball possession estimation. Specifi-
cally, the system adopts the latest generation of the YOLO model —YOLOv8—for frame-by-
frame detection of players and the ball in football match videos. YOLOVS offers notable im-
provements in detection precision and inference speed, making it well-suited for real-time
applications.

To differentiate between teams, the system applies the DBSCAN clustering algorithm
to group players based on the distribution of jersey colors in HSV space. This unsupervised
approach eliminates the need for manual labeling or identity-based team classification,
thereby improving adaptability in real-world match conditions. For persistent tracking of
multiple players and the ball acrossVideoframes, an enhanced version of the Norfair track-
ing library, based on SORT, is employed. This module combines Kalman filtering, the Hun-
garian matching algorithm, and customizable distance functions, ensuring robust identity
consistency even under challenging conditions such as player occlusion or similar uniforms.
The output trajectories serve as the foundation for subsequent possession analysis.

A dedicated possession recognition module is then applied to determine possession
status based on detected events. This module includes a ball-holder detector, a pass event
recognizer, and a time controller, working collaboratively to define each possession episode.
When the ball remains in proximity to a player from a particular team for a predefined du-
ration, possession is considered established. A successful pass or a change in ball control
marks the end of the possession cycle. By summing each team’s possession duration and
comparing it to total match time, the system calculates time-based possession rates.

Unlike common approaches that define possession based on the number of completed
passes, this system directly relies on temporal ratios. This strategy reduces reliance on
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accurate pass detection, which may be error-prone in high-intensity or turnover-prone
matches, and thereby enhances the stability and practical applicability of possession analy-
sis.

3. Proposed Method

In this study, we explicitly distinguish between player-level possession determination
and team-level ball possession estimation. Player-level possession determination refers to
identifying whether the ball is controlled by a specific player at a given moment based on
spatial and temporal constraints. Team-level ball possession estimation refers to calculating
the percentage of total match time during which a team controls the ball. The former serves
solely as an intermediate step to support the latter, which constitutes the primary objective
of this study.

This section outlines the implementation framework of the proposed football match
analysis system, as illustrated in Figure 1. The system takes aVideosequence as input and
employs a YOLO-based object detection model to identify players and the ball on a frame-
by-frame basis. To automatically distinguish between teams, the detected player targets are
further clustered using the Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) algorithm 36. This unsupervised method groups players based on jersey color
distributions in the RGB space, eliminating the need for manual annotations or identity-
specific information.

________________

Vision Processing

Improved
YOLOv8
Detection

Player Bounding Boxes

HSV Color Space
Conversion

Multi -object Tracking

Norfair Tracking
Framework

Kalman Filter Prediction

Stable Player IDs

Figure 1. Experimental flow chart.

After classification, multi-object tracking is performed to maintain the temporal con-
sistency of both player and ball identities across frames. This is achieved using the Norfair
tracking library, an extension of the Simple Online and Realtime Tracking (SORT) algorithm
proposed by Bewley et al. (2016) 37. Norfair incorporates Kalman filtering, Hungarian
matching, and customizable distance functions, allowing for robust performance under
challenging conditions such as player occlusion or similar jerseys. Finally, the system uses
the algorithm described in Algorithm 1 to infer ball possession events based on player prox-
imity and possession duration. By aggregating the time each team maintains possession, the
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system computes the overall ball possession rate, providing a more stable and context-
aware alternative to common pass-based metrics.

Algorithm 1: Calculating for ball possession rate

Input: The bounding boxes of the ball BB = (X, Y), the bounding boxes of the players
bb;=[(x1,y1), (x2,y2),.., (xi, yi)], the image array of the players Arr;, enter/exit hystere-
sis (Tin, Tout), minimum switch duration K, hold length H for missing detections, FPS

forVideoframe rate.

Output: Ball possession rate

1.n_frame_0=0; n_frame_1 = 0;//Total frame count of possession for Team 0 and 1.

2. state = UNKNOWN; cand = UNKNOWN; k=0, h=0;

3. while (Current_Frame < Max_Frame) do

//Step 1: Assign players to two teams.

4. Half _Arr,=Arri[0 : Arri.shape[0]/2),: ];//only shirt is selected for clustering.

5. TP_dict[i] = DBSCAN(e = 0.5, min_sample = 6, Half _Arr;);//A dictionary of player
and team relationships is obtained through DBSCAN clustering.

//Step 2: Judging ball possession

6. if ball not detected then

7. h=h+1;

8. if h=H*FPS then

9. state = UNKNOWN; h=0;

10. D[i] = sqrt[(X — x;)? + (Y — y;)?];//Calculate the Euclidean distance between the foot-
ball and the players.

11. if min(D)/heights[min_Index] < Tin then//where heights[min_Index] denotes the height
of the bounding box of the nearest player to the ball, which is used to normalize the dis-
tance.

12.  cand = TP_dict[min_Index];

13. else if min(D)/heights[min_Index] > Tou then

14. cand = UNKNOWN;

//Step 3: Transition stabilization

15. if cand == state then

16. k=0
17. else if cand '= UNKNOWN then
18. k=k+1;

19. if k >K*FPS then

20. state=cand; k=0;

21. if state == 0 then

22. n_frame 0=n_frame 0+1;

23. else if state == 1 then

24. n_frame_1=n_frame 1+1;

/IStep 3: Calculating current ball possession rate

25. bp_rate_0=n_frame 0/(n_frame_0 +n_frame_1);
26. bp_rate_1=n_frame 1/(n_frame_0+n_frame_1);
27. end while

3.1. Player and Ball Tracking

The SORT (Simple Online and Realtime Tracking) algorithm employs a fast-object de-
tection framework, typically based on region-based convolutional neural networks (R-
CNN), to achieve efficient and real-time object tracking. It models object motion using a
linear constant velocity model and applies a Kalman filter to predict and update the state of
each object. For data association, SORT calculates a cost matrix based on the Intersection
over Union (IoU) between detected objects and existing tracks, and uses the Hungarian
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algorithm to optimally assign detections to trackers. When a new object enters the camera
view, SORT initializes a new tracker to record its position and size. To prevent false posi-
tives, newly initialized trackers undergo a probationary period during which multiple con-
secutive detections are required before confirming the object’s existence. Conversely, if an
object is not detected for a predefined number of frames, the corresponding tracker is ter-
minated to prevent resource waste and reduce tracking errors. Despite its simplicity and
lightweight design—which make it highly suitable for real-time applications—SORT may
underperform in challenging scenarios involving long-term occlusions, complex back-
grounds, or overlapping targets.

In this system, YOLOVS8 provides spatial observations of targets in each frame, such as
bounding boxes or centroids, while Norfair performs cross-frame identity association using
Kalman filtering and distance-based matching mechanisms. In scenarios such as football
matches with frequent occlusions, tracking bounding box coordinates yields better perfor-
mance. YOLO detection outputs are first converted into Norfair-compatible detection ob-
jects by encoding each target’s bounding box or centroid as observation points (points),
along with corresponding confidence scores (scores) and class labels. Norfair then predicts
the state of each track using a Kalman filter and performs data association between detec-
tions and existing tracks using distance metrics such as IoU or Euclidean distance combined
with the Hungarian algorithm. Matched detections are used to update track states, while
unmatched detections initialize new tracks, and unmatched tracks are maintained for sev-
eral frames through prediction, enabling stable multi-object tracking.

In real-world applications, the system is affected by environmental conditions such as
poor lighting, player occlusions, and abrupt viewpoint changes. In such cases, Kalman fil-
tering alone is insufficient, leading to missed or false detections and consequently broken
trajectories that degrade prediction performance. To address this, appearance embeddings
are introduced for target re-identification (RelD). Originally, when detections are missing
for more than a certain threshold, the corresponding track is deleted and a reappearing tar-
get is assigned a new ID. With RelD, instead of being immediately removed, disappeared
tracks are placed into a cache. When a target reappears, it is compared against both active
tracks and cached tracks using a distance function; if it is determined to be the same target,
the original track is recovered.

Camera motion or zoom can cause YOLO'’s detection boxes to drift globally in the im-
age coordinate system, which may mislead the data association module and result in track
loss. To address this, the system estimates global background motion using optical flow and
maps detections into a virtual stationary coordinate system before tracking. Norfair pro-
vides a MotionEstimator module whose parameters include the maximum number of sam-
pled corner points (max_points), minimum corner spacing (min_distance), optical flow win-
dow size, camera motion model (e.g., translation or homography), and corner quality
threshold.

For each frame, the system first detects corner points with strong texture features in the
previous frame and tracks them to the next frame using optical flow, retaining only success-
fully matched point pairs. It then applies Random Sample Consensus (RANSAC) to enforce
geometric consistency by randomly sampling minimal point sets to fit a motion model and
selecting the model with the largest number of inliers over multiple iterations, thereby re-
moving outliers caused by foreground object motion or mismatches. During camera motion
estimation, target regions are deliberately excluded from optical flow and corner computa-
tion so that only background points are used, preventing foreground motion from contam-
inating background flow estimation. Finally, the estimated transformation is passed to the
Norfair Tracker to correct target state prediction, improving trajectory stability under cam-
era motion.
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Video frame

3.2. Player Classification Module

Given the wide variety of jersey styles in real-world scenarios, using clustering algo-
rithms to distinguish between different jerseys can significantly reduce manual labeling ef-
forts compared to traditional classification methods. To minimize noise and eliminate irrel-
evant information during the experiment, the target images were cropped prior to player
classification based on jersey colors. The cropping was guided by the coordinates and object
labels returned by the model, with both width and height limited to the central 15-85% re-
gion of the image. The cropped images were then processed using median filtering to reduce
noise and smooth the images.

Following preprocessing, HSV color histogram features were extracted from each
player’s region. The HSV color space was chosen over RGB because it is more robust under
variable lighting conditions, which are common in football matches. The extracted features
were converted into NumPy arrays and clustered using the DBSCAN algorithm.

Two key parameters in DBSCAN, &€ and min_samples, greatly influence clustering per-
formance. To achieve optimal clustering, a heuristic grid search was employed. Specifically,
candidate values for € ranged from 0.3 to 1.0 in increments of 0.1, and min_samples ranged
from 3 to 10 (integers only). A nested loop iterated over all possible parameter combinations.
For each combination, the silhouette score was computed to evaluate clustering quality. The
silhouette score ranges from -1 to 1, with higher values indicating better-defined clusters.
The algorithm retained the parameter set yielding the highest silhouette score as the optimal
configuration.

After clustering, players were categorized into two groups—Teaml and Team2—
based on jersey styles. These new labels were stored in a list for use in subsequent modules.

3.3. Model Construction

To provide a clear understanding of the overall system design, the framework for cal-
culating ball possession rate is illustrated in Figure 2. In this framework,Videoframes are
processed through two improved YOLOvS8-based networks (YOLOv8-P2S3A for football
detection and YOLOv8-HWD3A for player detection) to extract bounding box information.
This information is subsequently fed into a post-processing module to determine ball pos-
session rates over time.

YOLOvV8-P2S3A

Bounding Box
of the Football
Post- |
processing
YOLOv8-HWD3A Bounding Box
of the Player

Figure 2. The illustration of the framework for calculating ball possession rate. TheVideoframes are
processed through two improved YOLOVS networks (YOLOv8-P2S3A and YOLOv8-HWD3A) to
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obtain the bounding box information for the football and the players, and finally, this information is

used to calculate the ball possession rate.

To further clarify the rationale behind our model enhancements, we focused primarily
on the latter stages of the processing pipeline. As illustrated in Algorithm 1, this stage relies
heavily on the accuracy of bounding box outputs to calculate ball possession. Consequently,
the precision of possession estimation is inherently dependent on the detection performance
of the YOLO models.

Recognizing this critical relationship, we reframed the core challenge of this study as
improving the detection accuracy of YOLOv8 models when applied to football match foot-
age, thereby ensuring more reliable ball possession calculation.

3.4. Data Processing

As illustrated in Figure 3, theVideofootage is first decomposed into frame-by-frame
image sequences, each timestamped to ensure accurate temporal alignment for downstream
analysis. These frames are then processed using the improved YOLOv8 model to detect
player targets. For each detected bounding box, only the jersey region is cropped and uni-
formly resized. A square region centered on the cropped image is extracted and converted
into the HSV color space, which helps minimize background interference and better repre-
sent the jersey color while mitigating the effects of lighting variations.

; -, Encode Features to
Uniform Resizing r > Ny Ay

HSV Conversion Hue
Computer Vision Processing Preservation
Video Decomposition l Unsupervised Learning

Frame Extraction

Adaptive Smoothing
DBSCAN-

~ Based

[ Outlier

Object
Detection

Removal

Feature vector processing

Extraction & z-score Normalization
Bounding Box Cropping DBSCAN Clustering

l

l H-Channel Histogram
Bounding Box Analysis
Coordinates

Figure 3. Flowchart for player image preprocessing and team clustering via jersey color analysis.

In cases where players overlap or are partially occluded, a confidence-based filtering
mechanism selects the most prominent bounding box per region. Additionally, background
pixels with low saturation or brightness (in HSV space) are filtered out before feature ex-
traction to further suppress non-jersey interference.

Each frame undergoes a series of preprocessing steps to enhance robustness. The
cropped jersey region is smoothed and transformed into a feature vector describing its vis-
ual characteristics. Prior to clustering, these feature vectors are standardized using z-score
normalization to ensure consistent scaling and minimize bias caused by lighting changes or
camera exposure.

The system calculates the color histogram of the H (hue) channel for each jersey region,
divides it into 16 bins, and normalizes the values to form a compact color feature vector.
These vectors are then converted into NumPy arrays for efficient computation and are clus-
tered using the DBSCAN algorithm, which groups players into teams based on jersey color.
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To maintain clustering accuracy throughout the game, this process is repeated dynam-
ically every N frames, enabling adaptive classification under varying lighting or camera
conditions. Furthermore, DBSCAN'’s built-in ability to identify outliers ensures that only
relevant player data are included in possession calculations by discarding noise points with
minimal cluster association. This completes the image preprocessing and feature clustering
stage, providing reliable input for real-time possession estimation and team identification.

4. Experiments
4.1. Dataset Construction

Due to significant differences in both the number and size of players and the ball in
football match footage, this system requires dedicated object detection models and corre-
sponding training datasets for players and the ball respectively.

Existing public football datasets on the internet predominantly consist of static, single
large images of footballs, which are not suitable for detecting footballs in dynamic match
scenarios. Therefore, we constructed a new dataset specifically for this task. We downloaded
match footage from several major football leagues and the UEFA Champions League from
sports media websites. The videos were sampled at an average rate of 16 frames per second
(fps), and after mixing frames from various games, 1000 screenshots were randomly se-
lected. These images were annotated using the YOLO format in Labellmg, and the dataset
was split into training, validation, and test sets in a 7:2:1 ratio.

For player detection, we utilized a player dataset available on Roboflow, which con-
tains 1462 annotated images from football matches. Among these, 1023 images were used
for training, 293 for validation, and 146 for testing.

4.2. YOLOwv8 Architecture Enhancement
4.2.1. YOLOVS8-P2S3A

YOLOV8-P253A is a modified version of the YOLOv8 model specifically optimized for
football detection tasks. One of the key challenges in detecting footballs lies in their inher-
ently small size. As the depth of a neural network increases, successive convolutional
downsampling can lead to the loss of critical feature information for such small objects,
which significantly compromises detection performance.

To address this issue, one effective strategy is to preserve and transmit more detailed
information to the detection head. In this work, the P5 layer of the original YOLOvS archi-
tecture was removed, and a new detection head was added at the P2 layer to better retain
the features of small targets. Additionally, the StarBlock module 38 was integrated into the
Neck component to enhance feature representation. A novel detection head, referred to as
3A-Detect, incorporating attention mechanisms, was designed to further improve detection
accuracy (as illustrated in Figure 4).

In StarBlock, there is an element-wise multiplication of one-step tensors, which can be

expressed as (WX + B;) * (WX + B,), If we assume W = [V];]] X= [)1(], then it can be ex-
pressed as (W{X) * (W7 X) and then we expand it:
WX« WiX = (28 wix') = (B wyx)
=yt dell wilezxi x 1)

- 11 4,5 d+1yd+1
=a(, X X ... Fag s X X+ Fageg+pX T X

The symbol “+” denotes the multiplication operation. We can see that this operation
2
generates GLESICLEb PY («7_5) different terms, each of which is a nonlinear combination of the

input features, indicating that they are independent latent dimensions. This operation can
increase the dimension of the feature space and enrich the expression of features 39.
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YOLOVS-P2S3A

In 3A-Detect, we incorporate the Triplet Attention module into the original detection
head of YOLOVS, as depicted in Figure 5. This enhancement allows the detection head to
effectively learn nonlinear local dependencies among the channel, height, and width dimen-
sions, thereby improving the model’s performance with negligible additional computa-
tional cost.

’

ConvModule

ConvModule

ConvModule

ConvModule

3A-Detect

ConvModule Bbox. Loss

TripletAttention

Cls. Loss

ConvModule

Layer Norm |

StarBlock Concat

ConvModule

Concat

StarBlock Concat

.\ 3A-Detect

ConvModule

Backbone

3A-Detect

Figure 4. The illustration of YOLOv8-P2S3A.

Triplet Attention
Z-Pool

Concat

7x7 Conv Sigmoid

7x7 Conv Sigmoid

Z-Pool 7x7 Conv BN Sigmoid

Figure 5. Illustration of the Triplet Attention module.

To better illustrate the effectiveness of our architectural improvements, we visualize
and compare the attention heatmaps generated by the baseline YOLOv8 model and the pro-
posed YOLOvV8-P2S3A model, as shown in Figure 6.

The heatmaps clearly demonstrate that YOLOv8-P2S3A exhibits a much stronger and
more focused attention on the football compared to the baseline YOLOv8 model. This indi-
cates that the enhancements, particularly the introduction of the P2 detection head and
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YOLOvVS

attention mechanisms, significantly improve the model’s ability to capture small and critical

objects such as footballs.

YOLOv8-P2S3A

Figure 6. Visualization of attention heatmaps for football detection: YOLOvS8 vs. YOLOvS-P2S3A.

4.2.2. YOLOv8-HWD3A

In Section 3.4 we discussed strategies for enhancing detection accuracy by transmitting
relatively uncompressed information to the detection head. Initially, we attempted to apply
a similar approach to player detection. However, our preliminary experiments revealed that

this method yielded limited results in this task. Unlike footballs, players are not small-scale
targets; thus, adding a P2-level detection head had limited benefits, while removing the P5-

level detection head adversely affected performance.

In response, we retained the P5 detection head and introduced Haar wavelet

downsampling 40 to mitigate information loss during downsampling. Based on this strat-

egy, we redesigned the Backbone and Neck structures of the model, as illustrated in Figure

7.

YOLOvS8-HWD3A

e REEdEay 3A-Detect

ConvModule
TripletAttention
ConvModule

Bbox. Loss
Cls. Loss

3A-Detect

3A-Detect

3A-Detect

v Backbone Neck Head

4CxH/2xW/2

Conv+BN+RelU

C' xH/2xW/2

Stage 1:lossless feature encoding

Stage 1:feature learning !

Figure 7. Illustration of YOLOv8-HWD3A. A: the approximate (low-frequency) component. H: the

detail components (high-frequency) in the horizontal directions. VW: the detail components (high-
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frequency) in the vertical directions. D: the detail components (high-frequency) in the diagonal direc-

tions.

The Haar wavelet transform decomposes input signals into four components: one low-
frequency (approximate) and three high-frequency (detail) components along the horizon-
tal, vertical, and diagonal directions. This decomposition helps preserve critical information
related to object boundaries, scales, and textures during downsampling 41, which is partic-
ularly valuable in football scenarios where frequent player occlusions occur.

To visualize the effect of these modifications, Figure 8 presents the attention heatmaps
generated by the baseline YOLOv8 model and the proposed YOLOv8-HWD3A model dur-
ing inference. While the improvement in focus is not as visually pronounced as in Figure 6,
Section 3.4 will provide a more detailed quantitative comparison demonstrating the supe-
rior performance of YOLOv8-HWD3A. In the attention heatmaps, warmer colors (red and
yellow) indicate higher attention weights and stronger model focus, while cooler colors
(blue and green) represent lower attention responses.

YOLOVS YOLOv8-HWD3A

Figure 8. Visualization of attention heatmaps for player detection: YOLOvS8 vs. YOLOv8-HWD3A.

4.2.3. Quantitative Evaluation of the Improved YOLOv8 Models

After introducing the structural enhancements and visual detection improvements of
the proposed models, we conducted a series of experiments to comprehensively evaluate
their performance across multiple tasks. The evaluation focused on football detection,
player detection, and ball possession estimation, comparing the proposed models with sev-
eral state-of-the-art methods.

The overall experimental results are summarized in Tables 1 and 2. In the football de-
tection task, the proposed YOLOV8-P253A model achieves the highest accuracy with only
1.9 M parameters, reaching 79.4% Validation AP (%) and an inference latency of just 9.5 ms.
It outperforms both YOLOv10n (67.7%) and YOLOV8n (66.3%), demonstrating superior pre-
cision and computational efficiency.

Table 1. Comparisons with state-of-the-art models for football detection.

Model Parameters (M)  Validation AP (%) Latency (ms)
YOLOvV8n 42 3.0 66.3 74
YOLO11 43 25 64.3 2.6
YOLOv10n 44 2.7 67.7 10.1
YOLOV8-P2S3A (Ours) 1.9 79.4 9.5
YOLOv5n 45 25 62.5 3.2
YOLOv6n 46 4.2 14.4 10.7

Note: “Parameters (M)” denotes the number of model parameters (in millions). “Validation AP (%)”
represents the average precision of the validation set for ball and player detection, respectively.

“Latency” measures the average inference time per image (in milliseconds). The root mean square
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error (RMSE) is computed as RMSE = /%Z{‘H(y —$)? and MAE as %2}11 |y — 9|, where y de-

notes the ground-truth possession percentage reported in the official match statistics, § denotes the

predicted possession percentage, and n is the total number of evaluated matches.

Table 2. Comparisons with state-of-the-art models in player detection.

Model Parameters (M) Validation AP (%) Latency (ms)
YOLOVS 3.0 70.6 3.7
YOLO11 25 69.2 2.6

YOLOv10n 2.7 69.7 8.2
YOLOvV8-HWD3A(Ours) 2.6 71.1 3.3
YOLOvV5n 25 70.1 2.6
YOLOv6n 4.2 66.2 9.6

Note: “Parameters (M)” denotes the number of model parameters (in millions). “Validation AP (%)”
represents the average precision of the validation set for ball and player detection, respectively.

“Latency” measures the average inference time per image (in milliseconds).

In the player detection task, the YOLOv8-HWD3A model achieves 71.1% Validation
AP (%) with only 2.6 M parameters, and an inference latency of 3.3 ms, surpassing YOLOv11
(69.2%) and YOLOv5n (70.1%) in both accuracy and speed.

Moreover, as shown in Table 3, in the ball possession estimation task, the combination
of YOLOvV8-P2S3A + YOLOv8-HWD3A yields a root mean square error (RMSE) of 4.85, the
lowest among all tested models, and significantly lower than the YOLOv6n-based combi-
nation (12.75).

Table 3. Comparisons of possession rate estimation performance.

Ball Detection Model  Player Detection Model RMSE MAE
YOLOv8n YOLOVS 42 5.07 423
YOLO11 YOLO11 43 5.16 4.39
YOLOv10n YOLOv10n 44 5.09 4.35
YOLOV8-P2S3A (Ours) YOLOv8-HWD3A (Ours) 4.85 3.98
YOLOvV5n YOLOvV5n 45 5.11 432
YOLOv6n YOLOv6n 46 12.75 9.03

Furthermore, to verify the robustness and reproducibility of the proposed ball posses-
sion estimation module, we performed a one-factor sensitivity analysis on the key parame-
ters (Tin, Tout, K, H). As shown in Table 4, the default configuration (Tin= 0.6, Tout=1.0, K
=0.30, H=0.20) achieves the lowest error with RMSE = 4.87 and MAE = 3.98. When scaling
the hysteresis thresholds by a from 0.8 to 1.2, the performance varies only mildly (RMSE:
4.87-5.01; MAE: 3.98-4.10), indicating that the distance-threshold decision is relatively sta-
ble around the default region. In contrast, the temporal parameters exhibit a clearer prefer-
able range: setting K too small (K=0.10) increases the error (RMSE =5.07, MAE =4.13), likely
due to frequent state oscillations under short-term noise, while overly large K (K= 0.50) also
degrades performance (RMSE = 5.10, MAE = 4.15), suggesting delayed response to genuine
possession transitions. A similar trend is observed for the hold length H: removing the hold
mechanism (H = 0.00) yields higher errors (RMSE = 5.01, MAE = 4.12), whereas an exces-
sively long hold (H = 0.40) further increases MAE to 4.25, implying that over-holding can
smear rapid exchanges.

In summary, the YOLOvV8-P2S3A + YOLOv8-HWD3A pipeline achieves the best over-
all performance across football detection, player detection, and ball possession estimation
tasks, making it the optimal solution under current experimental conditions.
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Table 4. Sensitivity analysis of the proposed method.

Group Setting ID Tin Tout K H RMSE MAE

a=0.8 0.48 0.8 0.3 0.2 491 (10.06)  4.03 (10.05)
a=0.9 0.54 0.9 0.3 0.2 4.89 (10.04)  3.99 (10.01)

Threshold scale a =1.0 (default) 0.6 1 0.3 0.2 4.85 3.98
a=1.1 0.66 1.1 0.3 0.2 4.93(10.08)  4.01 (10.03)
a=1.2 0.72 1.2 0.3 0.2 5.01 (10.16)  4.10 (10.12)
K=0.10 0.6 1 0.1 0.2 5.07 (10.22)  4.13 (10.15)
K=0.20 0.6 1 0.2 0.2 494 (10.09)  4.04 (10.06)

Switch duration K =0.30 (default) 0.6 1 0.3 0.2 4.85 3.98
K=0.40 0.6 1 0.4 0.2 496 (10.11)  4.05 (10.07)
K=0.50 0.6 1 0.5 0.2 5.10(10.25)  4.15(10.17)
H=0.00 0.6 1 0.3 0 5.01 (10.16)  4.12 (10.14)
H=0.10 0.6 1 0.3 0.1 492 (10.07)  4.05(10.07)

Hold length H = 0.20 (default) 0.6 1 0.3 0.2 4.85 3.98
H=0.30 0.6 1 0.3 0.3 495 (10.10)  4.10(10.12)
H=0.40 0.6 1 0.3 0.4 5.09 (10.24)  4.25(10.27)

Note: “1” denotes that the corresponding metric shows performance improvement compared with the

baseline model.

4.3. Team Classification via DBSCAN Clustering

To ensure accurate identification of teams in football match analysis, the task of classi-
fying detected players based on their jersey colors becomes essential for ball possession anal-
ysis. Given that only players from the two teams and the ball are relevant, and that the ref-
eree has already been filtered out in the previous stage, this step focuses on distinguishing
between the two teams based on the high contrast often observed in their jersey colors dur-
ing official football matches. This allows for an unsupervised learning approach, which re-
duces the reliance on extensive manual annotations typical of traditional supervised meth-
ods.

In this study, we propose using the DBSCAN (Density-Based Spatial Clustering of Ap-
plications with Noise) algorithm, a powerful density-based clustering technique capable of
handling noise and non-convex cluster shapes without requiring prior assumptions about
the number or shape of clusters. DBSCAN's ability to automatically determine the number
of clusters makes it an ideal choice for this task.

Two key parameters influence the performance of DBSCAN:

¢ (epsilon): the radius of the neighborhood, which defines the similarity threshold be-
tween player jersey color features (i.e., how close two players must be to be considered on
the same team).

min_samples: the minimum number of neighbors required for a point to be considered
a core point.

To optimize clustering performance, we generated 100 candidate values for ¢ and
min_samples using a fixed step size within a specified range. Since the feature vectors
(based on normalized color histograms) typically range from 0 to 1, the € values were chosen
within (0, 0.3). For min_samples, the range was set between 10% and 50% of the total num-
ber of player targets per image, which aligns with the typical player count in 11-a-side foot-
ball matches.

Each pair of (¢, min_samples) candidates was applied to the DBSCAN algorithm to
obtain clustering results. In practice, although each team consists of players wearing differ-
ent jersey colors (e.g., outfield players and goalkeepers), goalkeepers are involved in far
fewer actions and have limited ball contact. Thus, for simplicity, goalkeepers were excluded
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from clustering, and we selected parameter combinations that resulted in exactly two clus-
ters.

To further improve accuracy, we introduced a cost function to identify the parameter
set that best balances the number of players assigned to each team. Let N; and N, repre-
sent the number of data points classified as Team 1 and Team 2, respectively. The cost func-
tion is defined as follows:

cost (8, min ) =|N; =N, | )

samples

The combination of € and min_samples that minimizes this cost is selected as the final
clustering parameters.

To evaluate the effectiveness of this method, we randomly extracted 20 frames from
five different football match videos. For each frame group, we applied the clustering ap-
proach described above and recorded the number of correctly and incorrectly classified
player targets for Team 1 and Team 2. The classification accuracy results are summarized in
Table 5.

The results demonstrate that the method performs well and remains stable across dif-
ferent matches. As shown in Figure 9, the proposed algorithm can accurately distinguish
between players, even in scenes where player occlusion is severe.

Table 5. Team classification accuracy.

Video Team 1 Team 2
1 97.8% 92%
2 95.3% 92.3%
3 90.9% 95.2%
4 93.7% 89.4%
5 92.1% 91.7%

BVB

1

Figure 9. Team classification performance.

4.4. Performance of the Ball Possession Estimation System

The ball possession visualization shown in the image is implemented using the Python
Imaging Library (PILversion 9.5.0) for real-time frame-by-frame image processing and ren-
dering. The system analyzes eachVideoframe to track cumulative ball possession time, total
match duration, and calculate the possession ratio between the two teams. Whenever the
accumulated game time reaches a full second (e.g., 1 s, 2 s, 3 s, etc.), the system updates the
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visualization, overlaying a possession bar chart and timestamp that dynamically display the
percentage of ball possession held by each side.

In the visualization, Team 1 and Team 2 correspond to the home and away teams, re-
spectively, with numeric values indicating the current percentage of ball possession for each
team up to that point in the match. As shown in the figure, the system also overlays contex-
tual match information —including player positions, speeds, distances, and ball location—
to enhance tactical understanding. All processed frames are compiled into a new output
video, enabling continuous real-time tracking of possession throughout the game.

To validate the effectiveness of the approach, the system was tested on four high-pro-
file football matches, including Al-Ahli SFC (white kit) vs. Al Nassr FC, Manchester United
(red kit) vs. Manchester City, Liverpool FC vs. Real Madrid (white kit), and Shanghai Port
vs. Shanghai Shenhua (blue kit). The results, visualized in Figures 10-13, clearly demon-
strate the differing ball possession percentages between the teams in each match.

The red triangle indicates the player currently in possession of the ball, green triangles show
potential next ball receivers, numbers above players denote jersey numbers, text below players indi-
cates running speed and distance covered, and colored circles represent different teams. The ball con-
trol bar (bottom-right) shows each team’s possession percentage, with colors corresponding to the

team on the field.

4546 LI O
'R & NAas [

Figure 10. Al-Ittthad Club vs. Al Nassr FC. Figure 10 is from https://www.bili-
bili.com/video/BV155KPerEeo, accessed on 6 March 2025.
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Figure 11. Manchester City vs. Manchester United. Figure 11 is from https://www.bili-
bili.com/video/BV1tz421a79G/?p=2, accessed on 6 March 2025.

Figure 12. Liverpool FC vs. Real Madrid. Figure 12 is from
https://www.youtube.com/watch?v=0XnOKPPHzuY, accessed on 6 March 2025.
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Figure 13. Shanghai Port Football Club vs. Shanghai Shenhua Football Club” Figure 13 is from
https://b23.tv/pNOhG53, accessed on 6 March 2025.

5. Conclusions

In this study, we proposed a footballVideoanalysis system based on deep learning tech-
niques, capable of automatically estimating ball possession in real time. This approach aims
to alleviate the heavy reliance on manual statistics in traditional possession analysis and
enhance the efficiency of football match interpretation.

To improve detection performance in complex match scenarios, we designed and inte-
grated two customized YOLOVS variants: YOLOv8-P2S3A for accurate detection of the foot-
ball and YOLOv8-HWD3A for robust identification of players. These tailored models en-
hanced the detection accuracy, especially for small or occluded targets, addressing common
challenges in sportsVideoanalysis. The system achieved an overall detection precision of
0.837 across all classes, providing a solid foundation for downstream tasks such as team
classification and possession computation.

For team classification, we adopted an unsupervised clustering strategy to address the
variability of jerseys across different teams and matches. Compared to traditional super-
vised methods requiring extensive manual labeling, this approach significantly reduces
workload while maintaining high clustering accuracy and robustness.

Through the integration of improved detection modules and a reliable post-processing
framework, our system can efficiently determine the bounding boxes of players and the
football, calculate possession events, and derive meaningful ball possession rates in real
time. This lightweight yet effective solution delivers valuable tactical insights to coaches,
analysts, and players through automated visual analysis of game footage.

6. Future Work

While the current system has demonstrated promising results, real-world football
matches present numerous challenges that require further investigation. These include the
frequent changes in player motion, complex interactions and occlusions between multiple
objects, and special scenarios such as corner kicks, free kicks, and penalty situations, which
may temporarily alter game dynamics and possession patterns.

To enhance the accuracy and adaptability of the system, future work will focus on the
following directions:
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Improving illumination robustness for team clustering: although HSV is effective for
color-based clustering, abrupt lighting changes may still affect hue stability. Future work
will explore more illumination-invariant representations (e.g., Lab space, color constancy,
or learned appearance embeddings). Improving possession inference beyond image-plane
Euclidean distance: the distance cue can be unreliable under occlusions, overlaps, fast
passes, and strong perspective distortion. Future work will explore homography-based field
normalization and richer ball-player interaction cues (e.g., 3D trajectory features). Incorpo-
rating temporal information using sequence modeling (e.g., LSTM or transformer-based ap-
proaches) to better understand player movement and ball transitions over time. Enhancing
robustness in densely populated scenes and occluded scenarios through multi-frame fusion
or 3D pose estimation. Expanding the dataset to include a broader variety of match types,
jersey styles, and lighting conditions to improve generalization. Integrating multi-modal
data, such as commentary text, player statistics, or sensor-based tracking, for a more com-
prehensive match analysis framework. In addition, future research will further investigate
scalability and computational efficiency, particularly for high-resolution broadcast inputs
and potential real-time deployment scenarios. Model compression, lightweight architec-
tures, and inference acceleration techniques may be explored to improve practical applica-
bility.

With continuous refinement, the system holds the potential to become a valuable tool
for intelligent sports analytics and decision-making in both professional and amateur foot-
ball settings.
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