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Abstract: In the era of digital advancement, the integration of Deep Learning (DL) al-
gorithms is revolutionizing performance monitoring in football. Due to restrictions on
monitoring devices during games to prevent unfair advantages, coaches are tasked to
analyze players’ movements and performance visually. As a result, Computer Vision (CV)
technology has emerged as a vital non-contact tool for performance analysis, offering
numerous opportunities to enhance the clarity, accuracy, and intelligence of sports event
observations. However, existing CV studies in football face critical challenges, including
low-resolution imagery of distant players and balls, severe occlusion in crowded scenes,
motion blur during rapid movements, and the lack of large-scale annotated datasets tai-
lored for dynamic football scenarios. This review paper fills this gap by comprehensively
analyzing advancements in CV, particularly in four key areas: player/ball detection and
tracking, motion prediction, tactical analysis, and event detection in football. By exploring
these areas, this review offers valuable insights for future research on using CV technol-
ogy to improve sports performance. Future directions should prioritize super-resolution
techniques to enhance video quality and improve small-object detection performance,
collaborative efforts to build diverse and richly annotated datasets, and the integration
of contextual game information (e.g., score differentials and time remaining) to improve
predictive models. The in-depth analysis of current State-Of-The-Art (SOTA) CV techniques
provides researchers with a detailed reference to further develop robust and intelligent CV
systems in football.

Keywords: computer vision; football; sport performance; performance analysis

1. Introduction
In the early stages of Computer Vision (CV) technology, researchers used traditional

methods such as Support Vector Machines (SVMs) to classify ten types of sports videos [1].
As Deep Learning (DL) became more popular for image classification, researchers adopted
DL techniques to tackle video classification. They applied Deep Convolutional Neural
Networks (DCNNs) to classify 487 types of sports [2] achieving an accuracy rate of 63.9%
in 2014, which increased to 79.2% in 2019 [3]. Following a breakthrough in video classifica-
tion, researchers have advanced beyond simply identifying sports videos, such as those
featuring volleyball or golf. Their focus has shifted towards enhancing video recognition
in the context of sports events, player positions, individual sports, and team sports [4–8].
Furthermore, AI technology has been utilized for image and video analysis to simulate
sports commentators’ explanations of sports events [9,10]. Significant progress has been
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made in CV for analyzing sports events, and the scope of its applications and research
continues to expand. However, current DL approaches have certain limitations. Achieving
optimal results often requires extensive and meticulously labeled datasets, which require
significant effort. Additionally, existing research primarily focuses on sports with relatively
simple rules, leaving more complex and diverse sports underexplored. With technological
advancements, CV has increasingly provided professional services for players, coaches,
spectators, and other members of the sports community. This review aims to address the
research gap in CV for football video analysis, offering a solid theoretical foundation and
technical guidelines for future research. By comprehensively analyzing football-related
research outcomes, this paper offers valuable insights and guidance for the future develop-
ment of CV technology. Furthermore, we specifically focus on CV methods because CV
provides non-contact, video-based, scalable analysis capabilities that align well with the
constraints of professional football environments, where wearable tracking devices are
restricted. Recent research in [11] demonstrated that CV approaches using a single camera
significantly outperform wearable inertial measurement units (IMUs), achieving a higher
accuracy of approximately 10 percentage points, while avoiding common sensor-related is-
sues such as discomfort, calibration complexity, and synchronization problems. In contrast,
general AI techniques without CV integration are insufficient for directly extracting rich
spatiotemporal features from video data. Therefore, this review systematically addresses
the need for football-specific CV analysis, offering a focused and comprehensive evaluation
of current advancements in the field.

To understand the research landscape of CV in football, this study explores the appli-
cation of CV in sports through an extensive literature review. The search process followed a
PRISMA-guided approach ensuring transparency and reproducibility. The literature search
focused on peer-reviewed articles published between 2020 and 2024 from five prominent
publishers: IEEE, Elsevier, Springer, Wiley, and Taylor & Francis. A Boolean search strat-
egy combining key terms was implemented, including “(“computer vision” OR “CV”)
AND (“sport” OR “athletes”)”, “(“player/ball tracking” OR “player/ball detection”) AND
(“deep learning” OR “neural network”)”, “(“tactical analysis” OR “pattern recognition”)
AND “sports analytics””, “(“event detection” OR “action/motion recognition”) AND
“video processing””, and “(“motion prediction” OR “trajectory forecasting”) AND “score
prediction””. This strategy initially identified 217 articles. Following PRISMA’s four-stage
workflow, we carried out the following steps: 1. Identification: A total of 217 records
retrieved. 2. Screening: Title and abstract review excluded 95 papers due to non-sports
focus (n = 38), non-CV methodologies (n = 29), and non-English language (n = 28), leaving
122 articles for full-text appraisal. 3. Eligibility: Full-text evaluation excluded 73 studies
lacking sufficient metrics (n = 41), novelty (n = 22), or reproducible protocols (n = 10).
4. Inclusion: A total of 49 studies met all criteria and were included in the review. The
selected studies were categorized into four ultimate purposes: player/ball detection and
tracking, motion prediction, tactical analysis, and event detection. By combining these re-
search findings, this review highlights the broad application of CV in sports video analysis
and provides a valuable reference for future research directions.

Figure 1 illustrates the overall trend in research activity, highlighting a shift in emphasis
from fundamental detection techniques to higher-level objectives. Notably, from 2023 to
2024, there has been a decline in studies focused on player/ball detection and tracking,
while research on motion prediction, tactical analysis, and event detection has increased.
This transition suggests that the field is advancing beyond object tracking toward more
sophisticated decision-making frameworks, aligning with the broader evolution of AI-
driven sports analytics.
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Figure 1. CV research trends in sports (2020–2024).

In recent years, CV technology has made significant progress in sports video analysis
and has become the focus of researchers and technology developers. Figure 2 shows the
papers published by IEEE, Elsevier, Springer, Wiley and Taylor & Francis between 2020 and
2024, categorized by different types of sports for four ultimate purposes. During this period,
football-related CV research led the way (49%), followed by basketball (15%), highlighting
the broad applicability and critical role of CV techniques in these sports. However, despite
football being the most studied sport within this review, this percentage (49%, roughly
24 studies out of 49) is still relatively limited given football’s global popularity, complexity,
and the diverse analytical challenges it presents. This comparative underrepresentation
clearly highlights a research gap, especially considering that only a few comprehensive re-
views explicitly address CV applications uniquely tailored to football scenarios. Conversely,
fewer studies have applied CV to less mainstream sports such as rugby and volleyball.
This could be due to the complexity and variability of these sports, which pose significant
challenges for CV algorithms. Additionally, the limited availability of annotated datasets
and lower commercial investment in these sports may contribute to the lesser focus on CV
research in these areas.

Figure 2. Research distribution across sports by purpose (2020–2024).

To date, several review papers have discussed the application of CV in sports, but
only a few have focused specifically on football. Ref. [12] discussed the evolution of player
motion tracking, moving from manual notational analysis to automated systems. Despite
advancements, challenges persist due to the dynamic and unpredictable nature of player
movements and technological limitations. Current systems like TRAKUS and Prozone
provide feedback but require manual intervention and specific environments, highlighting
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the need for fully automated, reliable tracking in sports contexts. Ref. [13] systematically
explored sports video analysis by focusing on content-aware methodologies, contrasting
traditional spatiotemporal approaches. The paper emphasized the need for semantic in-
terpretation of sports content, exploring hierarchical models and techniques applied in
sportscasts. Future trends highlight the necessity to bridge sensory and content excitement,
addressing user demands comprehensively. Ref. [14] explored the application of CV in
sports, addressing the inherent challenges of analyzing fast and complex motions. The
review covered current commercial applications and ongoing research efforts, emphasizing
the potential to enhance experiences for competitors, coaches, and audiences. Addition-
ally, it provided a summary of online datasets for further research. Ref. [15] provided a
comprehensive review of video-based techniques for sports action recognition, aiming to
establish automated notational analysis systems. The review covered current technologies,
general action recognition frameworks, and the implementation of DL in sports analysis. It
identified future trends and research directions, offering valuable insights for advancing
video-based action recognition in sports. Ref. [16] reviewed recent advancements in video
analysis and CV techniques in sports, covering applications like player detection, tracking,
trajectory prediction, strategy recognition, and event classification. The review discussed
AI applications, GPU-based workstations, and embedded platforms, highlighting publicly
available datasets. It identified future research directions, challenges, and trends in sports
visual recognition. Ref. [17] reviewed human action recognition in sports, focused on the
detection and analysis of player actions in sports like soccer, basketball, volleyball, and
tennis. The review highlighted the use of CV to monitor performance, track movements,
and recognize actions, proposing a novel systematization based on action complexity. It em-
phasized methods applied to publicly available datasets, showcasing the growing relevance
of human action recognition in sports.

Despite these extensive reviews, our analysis shows that among the existing re-
lated sports review articles published between 2020 and 2024—spanning over 250 review
papers—fewer than 10% specifically address the use of CV in football, while the majority
focus either broadly on multiple sports or other domains such as health monitoring, physi-
ology, and general athletics. Although football-related research constitutes approximately
49% of the selected primary studies in our review, comprehensive reviews exclusively
focusing on football are rare. Given football’s global dominance and its unique analytical
complexities—such as the simultaneous movements of multiple players, evolving tactical
formations, and long-term temporal dependencies—this underrepresentation highlights a
critical research gap.

This review paper is structured as follows: First, in Section 2, we aim to provide readers
with a comprehensive overview of the industry by identifying four ultimate purposes of CV
applications: player/ball detection and tracking, motion prediction, tactical analysis, and
event detection. Next, in Section 3, a comprehensive comparative study of the application
of CV techniques to football video analysis is presented, focusing on four ultimate purposes.
This section evaluates and compares the effectiveness and utility of different approaches,
addressing challenges such as low-resolution imagery, motion blur, complex occlusions, and
unpredictable activities, while highlighting the advancements and limitations of current
methodologies. Additionally, Section 4 summarizes the current research challenges in
football, the CV models used for their comparisons, and their limitations. It includes an in-
depth analysis of evaluation metrics such as precision, recall, and F1-Score, explaining their
significance and how they are calculated using a Confusion Matrix. Finally, in Section 5, a
conclusion of this review is presented.
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2. Four Ultimate Purposes for CV Research in Sports
The evolution of sports, intertwined with human development, has manifested

through various physical activities designed for fitness and competition. In this digi-
tal age, video has become the primary medium for disseminating sports events globally.
The convergence of sports and CV technology has led to the development of diverse tech-
niques and algorithms. After reviewing numerous papers, we identified four key objectives,
which we termed the four ultimate purposes—player/ball detection and tracking, motion
prediction, tactical analysis, and event detection—to achieve their final objective, as shown
in Figure 3.

Figure 3. Classification of existing research into four ultimate purposes: Player/Ball Detection and
Tracking [17–20], Motion Prediction [21–24], Tactical Analysis [25–28], and Event Detection [29–32].
The numbers refer to representative studies cited in the main text (see Sections 2.1–2.4).

2.1. Player/Ball Detection and Tracking

This section covers research focused on the identification and tracking of players
and the ball during sports events. By leveraging CV techniques, these studies aim to
improve the precision and reliability of tracking systems. The data obtained are crucial for
performance analysis, strategic planning, and gaining deeper insights into the dynamics of
the game.

The research study in [18] investigated the enhancement of football video player
detection and motion tracking using edge computing and DL. By optimizing the Faster
Region-based Convolutional Neural Network (R-CNN) algorithm to tackle small target
detection and occlusion issues, the study achieved 89.1% tracking accuracy and a 64.5%
success rate. This study demonstrates robust, real-time tracking, significantly improving
football video analysis and viewer experience. Ref. [19] introduced a novel method for
tracking and reidentifying players in team sports, addressing challenges such as rapid move-
ment, occlusion, and identical jerseys. Their semi-interactive system combines pre-trained
detection and reidentification networks with incremental learning through a Transformer.
Tested on a rugby sevens dataset, this approach achieved effective full-game tracking with
minimal human annotation. The public release of the dataset supports further research.
Ref. [20] discussed the application of data analytics and AI in football, focusing on tracking
player and ball coordinates using You Only Look Once (YOLO)v5 and Simple Online
and Real-Time Tracking with a Deep Association Metric (DeepSORT) for player identi-
fication and tracking. A K-Means model was used to identify team jersey colors, and a
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perspective transform was applied using a homogenous matrix. The study assessed player
decision-making through pitch control and expected threat metrics, enhancing recruitment
strategies. Ref. [21] presented a DL-based approach for object detection in sports video
analysis using a pre-trained YOLOv3 model. This approach tackles challenges such as
occlusion and rapid movement by focusing on a custom hockey dataset featuring teams,
the ball, and umpires. Experimental results showed that hyperparameter adjustments lead
to competitive performance, highlighting the effectiveness of YOLOv3.

2.2. Motion Prediction

This category involves research focused on predicting the outcomes of specific actions
in sports, such as ball trajectories and player movements, using CV techniques. By leverag-
ing CV, these studies aim to forecast the trajectory and success of in-game actions, offering
valuable insights for performance optimization, strategic planning, and enhancing overall
analytical capabilities within sports contexts.

The research study in [22] introduced a method to predict the trajectory of a volleyball
toss 0.3 s before it occurs by analyzing the setter’s motion. Using 3D body joint data
from Kinect and 2D data from OpenPose, simple neural networks accurately forecast
the toss trajectory. This technique enhances live sports broadcasts and aids opponent
analysis by highlighting critical body movements. Ref. [23] presented a real-time table
tennis forecasting system using a long short-term pose prediction network. By analyzing a
player’s motions via a single RGB camera, the system predicts the serve’s landing point
before the ball is hit. With a maximum difference of 8.9 cm, this system demonstrates
both amateur and expert training by improving prediction skills and serving techniques.
Ref. [24] proposed an advanced table tennis analysis system using fractal AI to enhance
ball tracking and trajectory prediction. The system integrates a structured output CNN
for object tracking and a trajectory prediction model based on Long Short-Term Memory
(LSTM) and Mixture Density Networks (MDNs). This innovative approach overcomes
the limitations of traditional methods, offering intuitive, flexible solutions optimized
through iterative training on extensive data. Practical applications include velocity and
spin analysis, data-driven insights, and the potential development of a ping-pong robot.
Ref. [25] presented a CV system for enhancing basketball player performance through
DL. The system uses YOLOv5 for object detection to analyze kinematic and physiological
markers, achieving a 96.8% mean average precision. It calculates the optimal release angle
(45–60◦) for free throws and employs polynomial regression for accurate real-time shot
predictions, providing valuable insights for players and teams.

2.3. Tactical Analysis

This section highlights research dedicated to analyzing and enhancing tactical elements
in sports by applying CV techniques. These studies aim to provide deeper insights into
team strategies, player positioning, and in-game decision-making, ultimately improving
the tactical acumen and performance of athletes and coaches.

The research study in [26] presented a DL-based behavior analysis method for bas-
ketball game videos. This method includes the automatic extraction of court markings
and keyframe capture using a spatiotemporal scoring mechanism. An encoder–decoder
framework facilitates real-time behavior recognition and prediction, aiding coaches and
analysts in tactical evaluation. Experiments on a large dataset demonstrate high accuracy in
motion and behavior analysis. Ref. [27] proposed a fuzzy edge recognition and probabilistic
neural network (PNN) model for tactical analysis of table tennis videos in complex envi-
ronments. The method applies continuous wavelet transform and 3rd-order Haar wavelet
decomposition for fuzzy edge detection, uses a PNN for ball recognition and tracking, and
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combines recurrent neural networks (RNN) with LSTM networks for trajectory predic-
tion. The model achieved a 98.1% recognition accuracy and a 94.3% tracking precision,
outperforming traditional methods by 9.3%. Tested on a self-built dataset, the system
demonstrated significant improvements in detection and tracking performance, offering
valuable insights for real-time analysis of ball speed and placement in table tennis. Ref. [28]
introduced a novel technique for football match assessment, integrating strategic analysis
and visual recognition within a virtual reality platform centred on YOLOv5 for real-time
player and ball tracking. Using Markov chain models for data processing, it revealed player
location correlations and team tactics. The study explored approximation techniques and
threshold scaling for optimal detection accuracy and developed Steady-State Analysis for
evaluating long-term strategic positions. This comprehensive approach enhanced tactical
understanding and served as a valuable tool for coaches and players. Ref. [29] presented
ViSTec, a novel video-based model designed to recognize sports techniques in racket sports.
This model addresses the limitations of manual annotation and low-level video perception
models. By integrating a graph to model strategic stroke sequences and a two-stage reaction
perception model, ViSTec enhances technique recognition with contextual insights. Experi-
ments show significant performance improvements, and validations with Chinese national
table tennis experts confirm its efficacy in automating technical and tactical analysis.

2.4. Event Detection

This section focuses on research on detecting and highlighting significant sports
video events using CV techniques. By leveraging CV, these studies aim to accurately
identify and highlight key moments, such as goals, fouls, and pivotal plays, thereby
enhancing the analysis, understanding, and presentation of sports events for analysts,
coaches, and audiences.

The research study in [30] introduced a high-accuracy framework for automatic sports
video clipping using a three-level prediction algorithm based on YOLO-v3 and OpenPose.
By training on a modest amount of sports video data, the method achieves precise activity
highlights clipping, surpassing previous systems in accuracy. This framework enhances
video summarization and match analysis in the sports field. Ref. [31] presented a frame-
work for classifying cricket videos into four events: Bowled Out, Caught Behind, Catch Out,
and LBW Out. Using keyframe summaries, the feature fusion of Histograms of Oriented
Gradients (HOGs) and Local Binary Patterns (LBPs), and multi-class SVM classification,
the technique achieves 77.23% precision, 77.86% recall, 77.55% F-measure, and 65.62%
accuracy. This novel approach addresses the need for event detection and classification
techniques in cricket videos. Ref. [32] explored the development of an automatic system for
detecting key events in football videos to create match highlights. Using Faster RCNN and
YOLOv5 architectures, the study found that Faster RCNN, particularly with ResNet50 as
the base model, achieved a higher-class accuracy of 95.5%, compared to 92% with VGG16,
and outperformed YOLOv5. The model successfully reduced a 23-min match video to
4:50 min of highlights, capturing nearly all important events. Ref. [33] introduced SPNet,
a DL-based network designed to automatically recognize and generate highlights of ex-
citing activities in sports videos. By leveraging 3D convolution networks and Inception
blocks, SPNet accurately identified key moments by analyzing high-level visual feature se-
quences. Extensive testing on the SP-2 and C-sports datasets demonstrates its effectiveness,
achieving 76% accuracy on SP-2 and 82% on C-sports. This method addresses the need
for automated highlight generation, reducing the manual effort required in professional
sports roadcasting.
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3. CV for Football Games
According to the statistics in Section 1, football is the most extensively researched

sport. Researchers have studied it more than any other ball game. This section will re-
view the use of CV technology in football, exploring all aspects where it is needed. To
provide a more intuitive analysis of football games using CV, the research will focus on
four ultimate purposes: player/ball detection and tracking, motion prediction, tactical
analysis, and event detection. The application of CV in this field faces numerous chal-
lenges: low-resolution imagery of distant athletes, motion blur, the ambiguity of similar
movements across different sports, complex occlusions, unpredictable activities, erratic
camera movements, and the inherently uncontrolled conditions of outdoor sports settings.
Continuous detection and tracking of players and the ball are particularly challenging
due to the unpredictable nature of sports dynamics, swift player exchanges, and frequent
visual obstructions. These challenges highlight the sophisticated demands placed on CV
technology to enhance sports analysis.

3.1. Player/Ball Detection and Tracking in Football

The papers [34,35] contribute significantly to the field of player and ball detection
and tracking in football videos. These two papers were chosen for review because they
showcase the use of the YOLO-based architecture in different versions, integrating them
with tracking algorithms like SORT and dataset-specific preprocessing techniques. By
combining similar models with different data and contexts, these studies offer insights into
their performance under varying conditions. This highlights the importance of dataset
specificity and model fine-tuning in achieving high accuracy and addressing common
challenges in player and ball detection and tracking.

The research study in [34] aimed to enhance the accuracy of detecting and tracking
soccer players and the ball in Broadcast Soccer Videos (BSVs). The unique novelty of this
paper lies in its integrated approach, which combines YOLOv3 [36] for detection with
the SORT [37] algorithm for tracking, as shown in Figure 4. This combination effectively
handles occlusions and maintains high accuracy, which addresses common challenges such
as occlusion and variability in object appearance.

Figure 4. Player detection and tracking in soccer videos.
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The study begins by preprocessing video data to filter out irrelevant frames, such
as zoom-ins and replays, allowing the focus to remain on essential action frames. The
core detection mechanism employs the YOLOv3 architecture, as shown in Figure 5, which
is pre-trained on the COCO dataset for player detection and further trained on several
self-annotated frames for ball detection. This approach ensures high accuracy in identifying
both players and the ball, despite their varying sizes and speeds.

Figure 5. YOLOv3 architecture: Blocks and functional layers.

The core tracking mechanism uses the SORT algorithm, utilizing Kalman filtering
on each video frame and the Hungarian algorithm for data association on successive
frames. It also measures bounding box overlap as the association metric. This combination
effectively manages occlusions and maintains high tracking accuracy. The experimental
results are impressive, with a precision of 97% and a recall of 93% for player detection,
and a precision of 97% and a recall of 75% for ball detection. These results indicate a high
number of correct identifications for players but a lower recall for ball detection due to a
low confidence threshold. The model achieves an F1-Score of 0.95 for players and 0.85 for
the ball, highlighting its ability to achieve high accuracy in detection and tracking. Despite
its strengths, the model has limitations, particularly in scenarios where the ball is far from
the camera or severely occluded. YOLO models exhibit inherent weaknesses specifically in
small-object detection due to several architectural and methodological issues. First, YOLO’s
grid-based detection approach divides the input frame into fixed grids, and each grid cell
can detect only a limited number of objects. Small objects, such as distant players or the
football, often occupy only a small fraction of a single-grid cell or fall between multiple-grid
cells, resulting in missed or incorrect detections. Second, YOLO networks involve multiple
convolutional and downsampling layers, significantly reducing spatial resolution in deep
feature maps. This downsampling can cause the loss of fine-grained details necessary for
accurately detecting small, distant objects. Third, YOLO uses predefined anchor boxes
that are optimized for commonly occurring object sizes. If these anchor boxes are not
specifically tuned for very small objects, the model may fail to properly localize or identify
these targets. Finally, training data used to develop YOLO models typically contain fewer
examples of small, distant objects, leading to inadequate learning and reduced detection
accuracy for these cases. These combined factors specifically explain why YOLO-based
detection systems struggle to accurately identify and track small objects, a significant
challenge in football video analysis. Additionally, preprocessing video data to filter out
irrelevant frames, such as zoom-ins and replays, poses challenges for generalization across
a full 90-min BSV.

The research study in [35] attempted to set a common baseline and compare the
performance of the FootAndBall (FB) architecture [38] and YOLO8n (Y) [39] architecture in
detecting players and balls in football matches from distant camera shots. The work sets a
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new benchmark using the SoccerNet_v3_H250 dataset [40], addressing previous limitations
in datasets and evaluation methods. A unique aspect of the paper is the introduction of the
SoccerNet_v3_H250 subset, explicitly designed for long-shot, real-time detection scenarios.
The authors ensured consistent and challenging training and evaluation conditions by
filtering and preprocessing this dataset, as shown in Figure 6.

Figure 6. Workflow for comparing the DL model’sperformance.

The methodology revolves around the SoccerNet_v3_H250 dataset, which is used to
evaluate long-shot player and ball detection models. This dataset consists of frames where
the height of the bounding box for a player does not exceed 250 pixels. All compressed .png
images from the SoccerNet_v3_dataset are converted to .jpg format. The corresponding
bounding box annotations are filtered and converted into a YOLO-compatible format,
with two classes: ‘0’ for ball and ‘1’ for person. The dataset includes 14,368 training
images, 2726 validation images, and 2692 testing images. As shown in Table 1, the results
demonstrate significant improvements in player and ball detection accuracy. ‘FB’ represents
the FootAndBall model, and ‘Y’ represents the YOLO8n models. The suffix ‘o’ denotes the
original models, while ‘tr’ denotes the trained versions. The number next to the YOLO
models indicates the input frame resolution they support.

Table 1. Classifier performance on the SoccerNet_v3_H250 dataset [35].

Person Ball I

AP11
COCO
mAP AP11

COCO
mAP

Avg.
Prec.

Avg.
Rec. % ms

FBo 0.3254 0.0771 0.0096 0.0003 0.783 0.022 0.234 9.5
FBtr 0.3905 0.1045 0.0165 0.0029 0.843 0.678 0.703 9.4
Yo640 0.7127 0.5195 0.1333 0.0370 0.524 0.118 0.284 7.2/9.0
Ytr640 0.9052 0.6824 0.3093 0.1207 0.856 0.410 0.518 7.3/9.2
Ytr1200 0.9058 0.7025 0.5361 0.2362 0.877 0.707 0.724 7.4/10.2
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Comparing FBo and FBtr, training on the SoccerNet_v3_H250 dataset offers a modest
improvement in player recognition metrics, while ball detection metrics improve substan-
tially. Particularly in ball recall, the metric increased from 2% to 68%, highlighting the
difficulty of this task. Similarly, the Yo640 and Ytr640 comparison significantly improves
ball detection metrics. Fine-tuning YOLO8n with higher-resolution images (Ytr640 vs.
Ytr1200) also shows substantial advancements for ball detection, with negligible improve-
ments for player detection. However, a key limitation of this study is the exclusive focus
on long-shot scenarios, which may need to generalize better to other camera perspectives,
such as close-ups or mid-range shots. Future work should explore the performance of
these models across varied camera angles and more diverse datasets to ensure broader
applicability and robustness of the detection algorithms.

Compared to [34], the work of [35] offers advantages by setting a new baseline for
long-shot, real-time detection scenarios. While [34] uses a robust combination of YOLOv3
and SORT for detecting and tracking players and the ball, ref. [35] builds on this by
employing the more recent YOLOv8 and focusing on long-shot scenarios, which are more
challenging. Additionally, ref. [35] introduces the SoccerNet_v3_H250 subset, designed
for consistent and challenging training conditions, making it a more comprehensive and
rigorous evaluation framework than [34].

3.2. Motion Prediction in Football

The papers [41,42] presented different approaches to address the challenge of motion
prediction in football. Both employ CV models to predict key aspects of football games but
focus on different tasks—pass receiver prediction and penalty shot outcome prediction,
respectively. Their shared use of common models, such as LSTM and CNNs, is comple-
mented by unique methodologies tailored to their specific tasks. This exploration helps
illuminate the diverse strategies adopted to enhance prediction accuracy in football.

The research study in [41] aimed to develop a predictive model that accurately identi-
fies the pass receiver in soccer by integrating visual data and 2D positional trajectories. The
unique novelty of this paper lies in its integration of visual information with positional data
for pass prediction, departing from traditional methods that rely solely on trajectory data.
The use of a Transformer encoder to learn player interactions further distinguishes this
model, enabling it to capture complex player dynamics and enhance prediction accuracy.
Compared to other models, this approach provides a more comprehensive and accurate
prediction framework, addressing both visual and spatial aspects of player movements,
thus offering significant advancement in the field of player and ball detection and tracking
in football. The methodology involves four stages to achieve high accuracy in the pass
receiver prediction model:

1. Alignment of Video and Trajectory Data: The study uses wide-angle videos and
2D trajectories of players to align the visual and positional data. This alignment
involves transforming the players’ 2D positions from the field coordinate system to
video frames using homography matrices H1 and H2. YOLOv5 [43] is employed for
detecting players in video frames, and iterative closest point (ICP) [44] and coherent
point drift (CPD) [45] algorithms refine these positions, as shown in Figure 7.

2. Body Motion Embedding: The authors address player motion embedding by using
TV video frames of 20 football players, excluding goalkeepers, captured before a
pass. They employ a feature extraction method that relies on individually cropped
frames of each player, ensuring no crucial player information is lost. They incorporate
temporal context using a 3D CNN, specifically leveraging part of the 3D ResNet [46]
architecture. The shared weights of this model enable efficient and consistent feature
extraction across all players.
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3. Trajectory Embedding: The authors analyze the 2D positions of 20 players and the
ball within a field coordinate system for a set duration before a pass. They employ
a one-layer LSTM network to extract trajectory features, emphasizing movements
immediately preceding the pass. Features are extracted separately for each player and
the ball, with shared LSTM weights ensuring consistency across all entities.

4. Combining Trajectory and Body Movement Features: These features, along with the
ball’s positional features, are used to model player interactions as a complete graph,
leveraging the influence of every player on each other. A Transformer encoder with
multi-head attention is employed to learn multiple interaction perspectives, such as
offensive and defensive dynamics. The 21 input features (20 players and the ball)
are ordered by the passer, potential receivers, opponents, and the ball, with position
encoding indicating input order. A residual connection enhances interaction learning,
and fully connected layers followed by a SoftMax operation predict the pass receiver’s
probability, as shown in Figure 8.

Figure 7. Overview of the processes for alignment between video and tracking data.

Figure 8. Overview of the architecture network.
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The dataset comprises 25 professional soccer matches with wide-angle videos and
tracking data. The data include 15,586 scenes, with 10,911 for training, 1559 for validation,
and 3116 for testing. Body movement features are extracted from 15 frames, and trajectory
features are extracted from 150 frames. The model uses an ADAM optimizer with a
learning rate of 0.0001 and cross-entropy loss. The proposed model significantly improves
pass prediction accuracy compared to traditional methods. The top-1 accuracy of the
model, which includes both trajectory and visual data, is 62.5%, while the top-3 accuracy
reaches 92.3%, and the top-5 accuracy is 97.5%. These results demonstrate a substantial
enhancement over models using only trajectory data, which achieved 49.0%, 84.9%, and
95.0% for top-1, top-3, and top-5 accuracies, respectively. Additionally, the inclusion of
visual data allows the model to predict longer better passes and those with complex player
interactions. The model has several limitations. It primarily focuses on successful passes
and may have a bias toward predicting short passes due to the nature of the training data.
Additionally, the reliance on high-quality, annotated video data and the computational
intensity required for real-time application are significant challenges. The model does not
account for game-specific contextual information, such as score differences or remaining
time, which could further enhance prediction accuracy.

The research study in [42] aimed to predict the region of the goalpost where the players
will shoot during penalty kicks by analyzing the players’ body positioning data. The unique
novelty of this paper lies in its dual-phase approach combining YOLOv4 for detection
and LSTM for sequential prediction based on pose estimation. This integration allows for
accurate tracking and prediction of penalty shots, making it superior to other models that
might not incorporate sequential body posture analysis. The model’s high accuracy in
real-time processing and its use of BlazePose for detailed body movement analysis set it
apart from conventional methods that rely solely on object detection without considering
the temporal dynamics of the player’s movements. This comprehensive approach enhances
prediction accuracy and provides valuable insights into the kicker’s performance, which
can significantly impact coaching strategies and game outcomes. The methodology is
divided into two main phases, as shown in Figure 9: data extraction and prediction.

Figure 9. Detection of key objects and shot prediction in football.

In the first phase, the researchers collected 52 high-quality penalty shootout videos
from various sources like YouTube and FIFA TV, resulting in 3060 screenshots in JPEG
format. Using Makesense.AI, they drew bounding boxes around the kicker, goalkeeper,
football, and goalpost. These annotations were exported in YOLO format, creating 3060 text
files that describe the coordinates of these objects. YOLOv4, implemented with DarkFlow
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(version 2017.02.21), OpenCV 4.5.5, and Python 3.8, was trained with parameters such as
a batch size of 64, a subdivision of 64, a width and height of 320 pixels, max_batches of
8000, a filter size of 27, and steps set at 80% and 90% of max_batches. After detecting the
kicker’s bounding box with YOLOv4, BlazePose extracted the kicker’s body posture during
the penalty shootout. BlazePose computed (x, y, z) coordinates of 33 skeleton keypoints,
significantly reducing processing requirements while maintaining high accuracy. The
goalpost was divided into four zones and the kicker’s body positioning data were recorded
based on where the ball was shot within these zones. The dataset comprised 1560 NumPy
files corresponding to the 52 videos, with each frame containing 132 keypoints of the pose
estimation structure.

In the second phase, the study employed an LSTM network to predict the football’s
target region based on the kicker’s body movement. The model was configured with three
LSTM layers and three dense layers, with LSTM units set to 64, 128, and 64, respectively,
and dense units set to 64 and 32. Rectified Linear Activation was chosen as the activation
function for the first five layers, and the final output layer was shaped for five actions
using SoftMax activation. The YOLOv4 model, trained over 6000 epochs, achieved a mean
Average Precision (mAP) of 98.90%, with the pose estimation model correctly identifying
the goalpost, goalkeeper, and kicker with 100% accuracy, and football with 98% accuracy.
The LSTM model was trained for 36 epochs with early stopping to prevent overfitting.
The accuracy rate remained constant at around 50% throughout the 36 epochs, and during
predictions on 20 penalty clips, it obtained mean accuracies of 9.6%, 26.2%, 52.8%, and
79.05% at 15, 10, 5, and 1 s before the penalty shot, respectively. Despite its promising
results, the study faced limitations, primarily due to training and evaluation data scarcity.
The custom dataset, created from 52 videos, may have not fully captured the variability
and complexity of real-world penalty shootouts, limiting the model’s generalizability.

Compared to [42], which focuses on penalty shootout prediction, the work of [41]
offers advantages by addressing the broader task of pass receiver prediction during live
game-play. Ref. [41] integrates both visual and trajectory data using a Transformer encoder,
which allows it to capture the intricate interactions between multiple players over time.
This approach enhances the model’s ability to predict player actions in dynamic and
unpredictable scenarios, making it more versatile and applicable to a wide range of motion
predictions beyond just penalty events.

3.3. Tactical Analysis in Football

The motivation behind reviewing [47,48] arises from their exploration of tactical
analysis in football using CV techniques. Both papers integrate common DL models, such
as YOLO for object detection and RNN/LSTM for sequential data processing, but they
need to be more diverse in how they extend these models. Ref. [47] combined big data
analysis with neural networks, incorporating LSTM to handle temporal data, while [48]
employed a Triplet CNN with DCGAN for data augmentation. These papers exemplify the
trend of enhancing traditional CV architecture with specialized models, reflecting current
research directions in football analytics.

The research study in [47] presented an innovative approach to enhancing tactical
decision-making in football by leveraging big data and neural network technologies. The
primary goal was to develop a decision-making algorithm for football matches that use big
data and neural networks to improve tactical and technical decisions. The unique novelty
of this paper lies in its use of big data technology to analyze extensive historical football
match data, extracting valuable insights and devising novel interactive, quantitative, and
evaluation methods. An innovative LSTM network is introduced to learn time series
data and a deep neural network model to aid technical and tactical decision-making
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in football. Comprehensive comparative experiments and ablation studies validate the
proposed big data- and neural network-based algorithm, demonstrating its effectiveness.
The methodology consists of three main components: stadium modeling, a RNN, and an
LSTM network (Figure 10).

Figure 10. The flowchart of the overall architecture of the algorithm.

1. Stadium Modeling: The authors converted the player’s position from the video
perspective to a top view to reduce redundant video information and enable accurate
physical fitness and spatial positioning analysis. Perspective transformation adjusted
the pixel positions in the video to reflect accurate Euclidean distances in the top view.
The transformation matrix used for perspective transformation is defined as
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where (u, v) are the pixel coordinates in the original image and (x = x′/w′, y = y′/w′)

are the coordinates in the transformed image.
2. RNN: The RNN used in this study includes input, hidden, and output layers. It

established connections between neurons in the same layer, allowing the network to
learn from sequential data.

3. LSTM: The authors used LSTM networks to handle the sequential nature of football
match data. LSTM networks are designed to capture long-term dependencies and
avoid the shortcomings of the general RNN.

The proposed method was compared with existing methods such as SVM, SRC, LRC,
LCCR, and RDBLS. The results indicated that the proposed method achieves comparable
accuracy with significantly less training time. For instance, the proposed method using
low-frequency Fourier transform features (FFTs) achieves a mean probability of 46.9% with
a running time of 0.55 s, demonstrating its efficiency. However, football matches are highly
dynamic, with constantly changing conditions and strategies. The model’s ability to adapt
to these dynamic environments and provide accurate predictions and recommendations
in varying contexts must be thoroughly addressed. Ensuring the model’s adaptability to
different match situations and opponent strategies remains an area for further research.

The research study in [48] proposed an innovative system to automate the analysis of
soccer players’ performances. The primary objective was to overcome the laborious and
biased process of manually analyzing video footage to identify top talents. The system
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aimed to detect, track, and classify teams, and determine the player controlling the ball,
generating three crucial tactical statistics: the duration of ball possession, the number
of successful passes, and the number of successful steals. The unique novelty of this
paper lies in its integrated approach combining YOLOv2 for detection, DeepSORT for
tracking, and a Triplet CNN for fine-grained feature extraction, all enhanced by data
augmentation through DCGAN. The inclusion of a regularizer CNN in the DCGAN further
distinguishes this work, ensuring the generation of realistic synthetic images that enhance
model training. The methodology consisted of four main phases: localization and tracking,
team identification, identifying the player controlling the ball, and data augmentation using
Triplet CNN-DCGAN (Figure 11).

Figure 11. Overall architecture of the approach.

First, the system employed the YOLOv2 framework for the detection of soccer players,
dividing the input frame into an 11 × 11 grid. Each grid predicted bounding boxes and
confidence scores, ensuring efficient localization. For tracking, the DeepSORT algorithm,
enhanced by an 8-dimensional state space vector fed into a Kalman filter, was used. This
vector included information such as the velocity and direction of player movement, han-
dling occlusion and player reidentification by assuming linear motion and employing a
Hungarian algorithm for tracking consistency.

Next, the paper proposed three approaches for team identification: TI-1 used a Siamese
CNN trained on the PETA dataset for pedestrian reidentification, TI-2 fine-tuned the
Siamese CNN with soccer-specific data, and TI-3 employed a Triplet CNN with both triplet
loss and binary cross-entropy loss to extract fine-grained features, achieving the highest
accuracy without the need for template images during inference. To identify the player by
controlling the ball, a Triplet CNN was trained to classify whether a player was controlling
the ball. The CNN was optimized with stochastic gradient descent and achieved high
accuracy by focusing on fine-grained features that distinguish between players with and
without the ball. The dataset used includes 49,950 images, annotated into “Players with the
ball” (12,585 images) and “Players without the ball” (37,365 images).

For data augmentation, the system incorporated a Deep Convolutional Generative
Adversarial Network (DCGAN) to generate synthetic images of players with the ball. The
Triplet CNN-DCGAN architecture is shown in Figure 12. It ensures that generated images
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include the soccer ball, enhancing the system’s ability to distinguish between relevant
player states.

Figure 12. Architecture of the Triplet CNN-DCGAN.

The system pooled outputs from detection, tracking, and classification modules to
generate tactical statistics such as ball possession duration, successful passes, and successful
steals. A pseudo-code algorithm integrated these outputs to compute statistics across
video frames.

The experimental results demonstrate the system’s effectiveness across multiple met-
rics. YOLOv2 achieves an average IoU accuracy of 84.68% and an inference speed of
17.2 FPS, while Mask R-CNN achieves a slightly higher IoU of 86.47% but with a signifi-
cantly slower speed of 1.7 FPS. DeepSORT outperforms other tracking algorithms, with the
highest MOTA of 76.59% and MT metrics of 63.57% while maintaining a speed of 17.2 FPS.
For team identification, the TI-3 (Triplet CNN) model reaches the highest accuracy of
97.46%, significantly outperforming TI-1 at 83.56% and TI-2 at 93.17%. The proposed Triplet
CNN also achieves the highest accuracy of 90.66% with a processing speed of 26.7 FPS and a
significant reduction in the number of parameters compared to other CNNs. The inclusion
of 20,000 synthetic images for the “Player with the Ball” class enhances performance metrics
by 2.59% for YOLOv2 and 4.43% for Mask R-CNN. The system successfully detects seven
out of eight passes and two out of three steals in moderate complexity scenarios, while in
severe complexity scenarios, it detects three out of five passes and one out of three steals.
Despite these promising results, the approach has some limitations. Although minimal,
match-specific annotations require manual effort, which could be challenging for large-
scale implementations. Additionally, the method’s effectiveness heavily depends on the
quality and relevance of the annotated images. Variations in team jerseys, environmental
conditions, and camera angles can impact performance, requiring continuous adjustments
and retraining.

Compared to [47], the study by [48] offers advantages in terms of precision and the
potential for real-time performance. While [47] provides a framework for tactical decision-
making using big data, ref. [48] focuses on a more granular level of analysis through the
integration of YOLOv2 and DeepSORT for accurate player detection and tracking. The
Triplet CNN-DCGAN in [48] enhances the model’s ability to generate realistic synthetic
data and improve the accuracy of tactical statistics like ball possession and successful
passes. This level of detail analysis makes [48] more effective for real-time performance
assessment and tactical adjustments during matches.
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3.4. Event Detection in Football

The motivation behind reviewing the papers [49,50] lies in their exploration of CV tech-
niques for event detection in football. Both papers share similar foundational architectures,
such as using models like Two-Stream Inflated 3D ConvNet (I3D) for action recognition.
Still, they also integrate different specialized components, such as face recognition and
audio analysis, to enhance performance in various aspects.

The research study in [49] proposed an intelligent editing system to extract highlights
from live football matches using DL techniques. The system integrated several modules:
shot segmentation, object detection, action recognition, and face recognition. The unique
novelty of this paper is its integration of multiple specialized DL models to detect and
categorize different types of soccer events comprehensively. The use of SSD for object
detection, I3D for activity recognition, CTPN for text detection, and ArcFace for face
recognition created a robust and versatile system. This multi-model approach ensures
high accuracy across various event types, making it superior to other models focused on
individual aspects of event detection in football, as shown in Figure 13.

Figure 13. The overall system. The livestream is fed into all modules.

The system uses the Single-Shot Multi-Box Detector (SSD) to detect specific objects like
the corner flag and players. When both objects are detected in the same clip, it indicates a
corner kick event. Similarly, the presence of a red/yellow card or a goal with more than
ten players signifies a penalty card or a goal event, respectively. The I3D model detects
dynamic events such as shots and celebrations. The I3D model operates on both spatial
and temporal data, capturing motion information critical for recognizing celebrations. The
Connectionist Text Proposal Network (CTPN) model focuses on text changes, mainly score
updates displayed in the video. The system identifies goal events by detecting changes in
the score proportion in the top corners of the video. For star player detection, the ArcFace
model is used for face recognition. It compares detected faces in the video with a pre-trained
database of star players, ensuring high accuracy in identifying player appearances.

Shot boundary detection from 30,000 video frames identifies 116 frames correctly,
with 28 false positives, highlighting the high precision of the histogram-based segmen-
tation method. Celebration detection by the I3D model correctly identifies 17 frames as
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celebrations but results in 33 false positives, indicating the need for further refinement to
reduce false positive rates. The CTPN model achieves an accuracy of 88.2% in detecting
score changes, demonstrating its reliability in identifying goal events. The ArcFace model
achieves an impressive average accuracy of 98% in recognizing star players, underscor-
ing its robustness and precision in face detection tasks. However, the system has some
limitations, including its dependency on high-quality video input and the computational
resources required for real-time processing. While the system achieves high recall, its preci-
sion is lower, necessitating manual filtering before uploading the generated highlights. The
model’s performance may also vary with different video resolutions and environmental
conditions, indicating a need for further refinement and optimization.

The research study in [50] introduced an advanced system for automatic key moment
extraction and highlight generation in soccer videos by leveraging comprehensive multi-
modal data. This system integrates both visual and audio information to perform three
primary tasks: playback detection, soccer event recognition, and commentator excitement
recognition. The unique aspect of this paper lies in its comprehensive multimodality
approach, combining visual and audio data to enhance event detection and highlight gen-
eration. Unlike previous methods that focus solely on visual cues, this system incorporates
audio analysis to improve the detection of exciting moments. The methodology comprises
three core components, as shown in Figure 14.

Figure 14. The framework of the system in real-world deployment.
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The first component, playback detection, identifies playback frames in soccer videos as
cues for key moments. Using the efficient MobileNetV2 model, the system classifies video
frames into global, close-up, and playback views. Initialized with weights from ImageNet,
the model processes frames resized to 256 × 256 pixels and extracts 224 × 224 patches
for training, with a learning rate 0.001 and momentum of 0.9. The dataset consists of
3600 frames manually classified into three view categories: global view, close-up view, and
playback view. The second component, soccer event recognition, detects significant soccer
events such as goals, cards, celebrations, and passes. Four SOTA action recognition models
(I3D, I3D-NL, ECO, and SlowFast) are utilized. The dataset includes 6996 annotated video
segments derived from 460 soccer matches, covering four key event types: goal/shoot,
yellow/red card, celebrate, and pass. The third component, commentator excitement
classification, classifies commentator audio to detect excitement levels as indicators of key
moments. This component uses MFCC and VGGish features. Models include a 4-layer
fully connected network, CNN, and LSTM for MFCC features, along with VGGish+NN.
The dataset comprises 1749 annotated audio segments from 160 soccer videos, categorized
as Not Excited and Excited.

The results demonstrate impressive performance. Playback detection achieves over
99% top-1 accuracy in classifying different camera views. The I3D-NL model excels in
soccer event recognition, achieving a top-1 accuracy of 92.48% and a mAP of 96.86%.
Individual event classes have average precision scores of 99.11% for celebrations, 94.45%
for goals, 95.49% for cards, and 98.64% for passes. The VGGish model achieves a top-1
accuracy of 94.4% in commentator excitement classification, surpassing models using
MFCC features. Despite its impressive performance, the system faces challenges in real-time
implementation due to the high computational demands of the DL models. Additionally,
the reliance on large, annotated datasets for training may limit its applicability in scenarios
where such data are scarce. Future work could focus on optimizing the models for faster
processing and exploring unsupervised or semi-supervised learning techniques to reduce
dependency on extensive labeled data.

Compared to [49], the study of [50] demonstrates clear advantages through its
multimodal approach, which integrates both visual and audio data for event detection.
While ref. [49] employs purely visual methods—including specialized CV models for tasks
like face recognition, score-change detection, and object localization—ref. [50] enhances
event recognition by additionally analyzing audio signals, such as commentator excite-
ment and playback cues. This multimodal integration allows ref. [50] to produce more
contextually rich and accurate event highlights (achieving an impressive top-1 accuracy of
92.48%), thereby more effectively capturing the excitement and dynamic flow of football
matches. However, this superior accuracy comes at the cost of increased computational
complexity, primarily due to the additional audio processing and the necessity of syn-
chronizing multiple data streams. In contrast, purely visual approaches such as the one
presented by [49], although achieving slightly lower accuracy (e.g., 88.2% for score-change
detection), generally benefit from faster inference speeds and simpler real-time deploy-
ment because of their reliance on a single modality and less complex processing pipelines.
To date, a comprehensive comparative analysis explicitly detailing this accuracy-versus-
computational complexity trade-off between multimodal and purely visual methods in
football event detection remains limited. Therefore, future research should systematically
explore under what practical conditions the enhanced accuracy of multimodal methods
justifies their higher computational demands and identify scenarios where simpler, more
efficient visual-only approaches are preferable.
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4. Summary of Research Related to Football Games
In comparing DL models, we must recognize precision, recall, and F1-Score, which are

several metrics used to evaluate the effect of the DL model. Understanding the meaning
and function of these evaluation indexes is essential to fully understand the DL models’
different performances.

Comparison Measurement

Before looking at the metrics to evaluate the DL model’s influence, we must understand
the concept of a Confusion Matrix, which makes it easier to calculate precision, recall, and
F1-Score. True positive and negative examples are correctly predicted data and false
positive and negative examples are mispredicted data, as shown in Table 2. Since Table 2 is
mainly about these four values, it is essential to understand what they mean:

1. TP (True Positive): The number of positive examples that are correctly predicted, that
is, the actual value of the data is a positive example, and the predicted value is also a
positive example.

2. TN (True Negative): A negative example that is correctly predicted, that is, the actual value
of the data is a negative example, and the predicted value is also a negative example.

3. FP (False Positive): A positive example that is incorrectly predicted. This is when the
actual value of the data is a negative example, but it is mispredicted as a positive example.

4. FN (False Negative): A negative example that is incorrectly predicted. This is when the
actual value of the data is a positive example, but it is mispredicted as a negative example.

Table 2. Confusion Matrix.

Ground-Truth Predicted

Positive Negative

Positive True Positive False Negative

Negative False Positive True Negative

5. Recall: The recall represents the ratio between the number of positive samples pre-
dicted correctly classified as true positive and the total number of positive examples.
Recall measures the ability of a model to predict positive samples. The recall reflects
the recognition ability of the model on positive examples, and the higher the recall,
the stronger the recognition ability of the model on positive examples.

Recall =
TP

TP + FN
(2)

6. Precision: The precision represents the ratio between the number of positive sam-
ples predicted correctly classified as true positive and the total number of samples
classified as positive (either correctly or incorrectly). The precision measures the
model’s accuracy in organizing an example as positive. The precision reflects the
discrimination ability of the model to negative samples. The higher the precision, the
stronger the discrimination ability of the model to negative samples.

Precision =
TP

TP + FP
(3)

7. F1-Score: Precision and recall are a pair of contradictory measures. The recall value is
often low when precision is high. When the precision value is low, the recall value is
often high. The F1-Score is the harmonic mean of precision and recall, considering
these two indexes comprehensively. The higher the F1-Score, the more robust the
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model. The maximum is 1; the minimum is 0. The core idea of F1-Score is that while
improving the precision and recall as much as possible, the difference between them
should be as slight as possible.

F1-Score = 2 × Precision × Recall
Precision + Recall

(4)

Following the foundational understanding provided by Table 2, Tables 3–6 present a
comprehensive summary of current football research challenges, CV models, comparative
analyses, and their associated limitations. These tables offer a structured overview of recent
advancements and demonstrate how precision, recall, and F1-Score are utilized to evaluate
model performance across various studies.

Table 3. Summary of current research challenges in player/ball detection and tracking in football.

Ref Ultimate
Purpose

Technical
Approach

Recall
(%)

Precision
(%)

F1-Score
(%) Limitation

[51] Player/Ball Detec-
tion and Tracking

YOLOv4, SORT 93 95 94 Identity switching occurs
when players with similar
jerseys occlude each other.

[52] Player/Ball Detec-
tion and Tracking

Modified
Scaled-YOLOv4

92.3 93.8 93 Small white spots, like shoes
or distant flags, are some-
times detected as soccer balls.

[53] Player/Ball Detec-
tion and Tracking

YOLOv5, DeepSORT 79 94 85.8 Struggles with low-resolution
frames when objects are far
from the camera or clustered
players.

[54] Player/Ball Detec-
tion and Tracking

YOLOv5, CNN, tempo-
ral shift module (TSM)

92.9 21.1 34.4 Significant precision drop on
independent data, indicating
sensitivity to datasets.

Table 4. Summary of current research challenges—motion prediction in football.

Ref Ultimate
Purpose

Technical
Approach

Recall
(%)

Precision
(%)

F1-Score
(%) Limitation

[55] Motion Prediction CatBoost 67.7 68 67.9 Reliance on historical data,
which may not account for
unforeseen factors affecting
match outcomes.

[56] Motion Prediction Gradient Boosting Decision
Tree

90.5 85 87.6 Dependency on ball touch
data, which may need to cap-
ture the full tactical context of
the game.

[57] Motion Prediction CNN + RNN 75 79 76.9 Difficulty in detecting poses
and bounding boxes due to
player overlap and smaller
players in video frames.

[58] Motion Prediction Homographic Perspective
Transform (HPT), YOLO
with Weighted Intersect
Fusion (WIF)

97.5 96 96.7 Dependency on initial object
detection accuracy; reduced
performance in occlusions or
when the ball is not clearly
visible in the frames.
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Table 5. Summary of current research challenges—tactical analysis in football.

Ref Ultimate
Purpose

Technical
Approach

Recall
(%)

Precision
(%)

F1-Score
(%) Limitation

[59] Tactical Analysis Linear Discriminant Anal-
ysis (LDA)

71 71 71 Focuses on match outcomes
without accounting for draws;
limited generalizability due to
reliance on a single league
dataset.

[60] Tactical Analysis Random Forest 70 47 57 Focuses solely on predicting
ball gains as a defensive mea-
sure, neglecting the specific
defensive tactics of individ-
ual teams and potentially lim-
iting the generalizability of
the findings.

[61] Tactical Analysis HOG, Random Forest 98.5 98.5 98.5 Dependency on camera an-
gles and frame rates can in-
troduce errors in player detec-
tion and classification.

[62] Tactical Analysis YOLOv4, Kalman Filter
(KF)

60 66.7 63.2 Dependency on camera cali-
bration and annotation qual-
ity introduces noise and er-
rors in the offside detection
process.

Table 6. Summary of current research challenges—event detection in football.

Ref Ultimate
Purpose

Technical
Approach

Recall
(%)

Precision
(%)

F1-Score
(%) Limitation

[63] Event Detection Variational Autoencoder
(VAE), EfficientNetB0

92.4 91.2 91.8 Difficulty distinguishing vi-
sually similar events like red
and yellow cards.

[64] Event Detection 3D ResNet, 2D ResNet,
Log-Mel, SoftMax

90.1 92.2 91.2 Multimodal integration bene-
fits are inconsistent; goal de-
tection improves, but card
and substitution events lag.

[65] Event Detection I3D, Transformer 76.7 59.3 65.7 Short temporal context
used for training and testing,
which affects the model’s abil-
ity to accurately distinguish
actions requiring longer
temporal understanding,
such as a player controlling
the ball before making a pass
or shot.

[66] Event Detection I3D CNN, 2D ConvNet,
3D ConvNet, SoftMax

96.4 97 96.8 Use of predefined 45 s times-
tamps may miss the full con-
text of events.

Tables 3–6 summarize the current challenges and performance metrics of various
CV models in football videos. (Note: The performance metrics reported in Tables 3–6
were obtained directly from the original studies, which may have used different datasets
and hardware platforms. While this may introduce variability in absolute performance
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values, the primary purpose of these tables is to provide an overview of the techniques
used for different ultimate purposes and to facilitate a comparison of technical approaches
toward common objectives. Readers are advised not to directly rank methods solely based
on reported performance due to underlying differences in evaluation conditions in those
tables.) Each table focuses on a specific aspect: player/ball detection, motion prediction,
tactical analysis, and event detection. The purpose of presenting these tables is to illustrate
the advantages and limitations of different CV models in football videos, showing how they
perform in real-world football video scenarios. Readers should understand that although
these metrics are crucial for evaluating the models’ performance, a higher recall or precision
only sometimes translates to overall model superiority. The tables help readers understand
how different models perform under various conditions by comparing metrics, technical
approaches, and limitations. The goal is to emphasize the importance of these evaluation
metrics in assessing model effectiveness and to guide future research in addressing the
limitations highlighted.

5. Conclusions
This review paper has explored the significant advancements and applications of CV

in football video analysis. We identified four ultimate purposes of CV in sports: player
and ball detection and tracking, motion prediction, tactical analysis, and event detection.
We evaluated various CV techniques through a comprehensive comparative study and
thoroughly analyzed the inherent challenges, such as low-resolution imagery, motion
blur, complex occlusions, and unpredictable activities. This analysis highlighted both the
strengths and limitations of current methodologies. Additionally, we discussed evaluation
metrics, including precision, recall, and F1-Score, providing a clear understanding of their
significance in assessing the performance of DL models in CV applications. These metrics
are crucial in determining the robustness and reliability of the models used in football video
analysis. This paper serves as a valuable resource for researchers, offering a detailed frame
of reference and summarizing the current SOTA CV techniques in sports. This review aims
to guide future research and developments in CV applications in football by highlighting
the existing challenges and potential areas for technological innovation. The insights gained
from this study are expected to contribute to the continued advancement and refinement of
CV technologies, ultimately enhancing their application in sports performance analysis.

5.1. Challenges and Limitations

The utilization of CV in football video analysis has a few limitations. First, low
resolutions of distant football players are a crucial challenge for detecting and tracking
them with the ball. Additionally, motion blur, complex occlusions, and the the small
size of te ball further compromise accurate analysis, masking critical visual cues for good
detection and tracking. Moreover, the randomness of sports processes (fast movement
between player/ball manipulating and occlusion) makes it more difficult to implement
continuous detection or tracking. Second, recognizing just two activities out of ten different
movements in mainstream sports, coupled with excessive restrictions for more specialized
ones, highlights the difficulty of creating CVs that can work with rugby or volleyball. The
complex and changing nature of the sports events in these settings make it challenging for
CV models to generalize with good accuracy conditions. The rarely remaining annotated
datasets in these less mainstream sports slow down CV algorithm development and testing
progress. Third, this method requires high-quality labeled video data to train models, which
is a significant bottleneck. While this seems simple on paper, the annotation process is labor-
intensive and slow to ensure accuracy. Research-grade CV models have a voracious demand
for large, labeled datasets, making the feasibility of deploying them across all possible
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scenarios in sports unlikely. Fourth, the computational requirement of CV algorithms
is also a limiting factor. Processing video data in real-time can require a substantial
degree of computing, which is only sometimes possible, especially for livestreaming sports.
Additionally, the requirement for high-speed processing to enable real-time analysis is
generally beyond what ordinary hardware can accommodate. It would entail large upfront
hardware investment and setup costs for clubs, leagues, and broadcasters. Fifth, traditional
models also demonstrate a bias for specific play types dictated by the data, such as short
passing in football. This bias can produce inaccuracies in predicting the lower prior
probability actions, decreasing the overall reliability of the CV systems. These models also
usually do not consider other contextual details (e.g., game conditions and scores in a certain
number of points down the stretch), which might help predict the time left for plays better
than chance. Sixth, variations in environmental factors like lighting conditions, weather, and
camera angles influence the performance of CV models. Any changes in the external factors
will lead to a loss of model accuracy over time, and continuous adjustments or retraining
are required to ensure optimal performance. While much has been achieved through CV
in sports video analysis, working on these challenges and limitations is essential for more
improvement. To address these challenges, innovation in CV methods is needed to develop
more stable algorithms and create datasets with high-density comprehensive information.

5.2. Future Directions

Football video analysis with capacity recognition in the field of CV still has a long
way to go and offers great potential. A key area for future work involves improving video
quality, particularly in terms of resolution and sharpness. Addressing issues related to
low-resolution imagery and motion blur will directly benefit the detection of both players
and the ball, improving accuracy and the reliability of higher-volume capture systems.
Super-resolution techniques and advanced image processing algorithms in OpenCV could
help tackle these challenges. Another important area is the expansion and improvement
of annotated datasets to progress CV in football. Enriching datasets will enable more
robust training for CV models across a broader range of scenarios. Collaboration between
sports organizations, scientists, and technology developers is essential to make reliable
data available that covers various aspects of the game. Additionally, integrating extra input
into CV models is a critical area for future research. Researchers can incorporate contextual
information to improve the accuracy of predictive models. Factors such as score differential,
remaining game time, and crowd reactions during live matches can be used to improve
predictions and analyses. To sum up, the next generation of CV in football video analysis
will benefit from higher-resolution algorithms that are more robust, based on scale space
and multimodal features, and trained on larger datasets. These advancements will lead to
more accurate, dependable, and comprehensive CV applications, ultimately improving the
analysis of football games.
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