J. Res. Technol. Eng. 6 (2), 2025, 55-77

Journal Of Research Technology & Engineering

www.jrte.org

Real-Time Management of Football Matches Powered
by Artificial Intelligence Technology

Ahmed Tawfiq Jamil!, Jameel Al-Naffakh?, Hayder M. H. ABO-kalal®
!General Directorate of Education- Najaf- Iraq, 2Mechanical Power Department, * Governor's Office, Computer Division
Traqi Ministry of Education, 2AL-Furat Al-Awsat Technical University, *Najaf Governorate, Iraq

Corresponding Author E-mail: alahmedtawfiq@gmail.com

Received:12 Feb 2025; Revised: 20 Mar 2025; Accepted: 30 Mar 2025; Available online: 10 Apr 2025

Abstract- Time management in football matches has long been a contentious issue, with substantial delays arising from
stoppages such as ball out-of-play scenarios, player injuries, substitutions, and VAR reviews. This research introduces an
Al-driven system that leverages smart sensors, computer vision, and wearable technology to enhance timekeeping accuracy,
reduce human error, and improve overall game fairness.

Simulation results demonstrate that the proposed system significantly reduces average delays across key events. For
instance, the delay caused by ball out-of-play events decreased from 15 seconds (traditional methods) to 2 seconds,
achieving an 86.7% improvement. Similarly, the system reduced delays in substitutions and VAR reviews by 85.0% and
62.5%, respectively. Despite variations in conditions such as rainy weather or high-speed play, the system maintained an
average accuracy of 96.3%, with a latency of less than 70 milliseconds, ensuring real-time performance. This innovative
approach offers a practical solution to long-standing inefficiencies in football timekeeping, contributing to a more
transparent and engaging experience for players, referees, and spectators alike.

Index Terms- Sensors, Goal-Line technology, Global Positioning System (GPS), Computer Vision.

1 Introduction:

Realm of football, often referred to as 'the beautiful game,' has seen significant advancements in
technology, particularly with the integration of artificial intelligence (AI) for real-time management of
matches[1]. A critical area of concern in this evolution is the traditional timekeeping system, which has
been criticized for its reliance on referee discretion, leading to discrepancies and controversies during
matches[2,3]. This literature review aims to explore the implications of Al technology in the real-time
management of football matches, focusing on the timekeeping system and its potential to enhance the
integrity of the game[4,5].

A standard football match is structured into two 45-minute halves, with additional time allocated by the
referee to account for stoppages, injuries, and other interruptions[6]. This approach, while customary,
is inherently subjective. Referees exercise their judgment to determine how much additional time
should be added, often resulting in disputes among coaching staff, players, and spectators alike[7]. This
subjectivity has been widely acknowledged in academic literature, with researchers highlighting how
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the lack of a standardized method for timekeeping can lead to unfair advantages and diminish the
overall experience of the game[8,9].

Recent studies have proposed Al-powered systems as a viable solution to these issues. By utilizing
advanced algorithms and machine learning techniques, Al can provide real-time data on match events,
which can lead to a more objective assessment of stoppages and time management[10,11]. For instance,
Al technologies can analyze video feeds to detect when play is stopped, ensuring that added time is
accurately calculated and communicated to both teams and spectators. This capability not only reduces
the potential for controversy but also enhances transparency in decision-making processes[12,13].

Moreover, Al-driven systems can integrate with existing technologies, such as VAR (Video Assistant
Referee), to provide referees with precise information regarding match events. This integration could
facilitate quicker decision-making and improve the accuracy of timekeeping. Some scholars have
pointed out that this could lead to a paradigm shift in how football matches are officiated, moving from
a predominantly subjective system to one that leverages data-driven insights[14-17].

Despite the promising advantages of Al in time management, there are challenges that must be
addressed. The implementation of such technologies raises questions about the cost of deployment and
the need for training referees to effectively utilize Al systems[18,19]. Additionally, concerns over the
potential for over-reliance on technology exist, as human judgment remains a critical aspect of
officiating in football[20]. Scholars emphasize that a balanced approach, where technology
complements rather than replaces human decision-making, is essential for preserving the spirit of the
game|[21].

In conclusion, the integration of Al technology in the real-time management of football matches has
the potential to revolutionize timekeeping, mitigating controversies and enhancing the overall integrity
of the sport[22]. While there are hurdles to overcome regarding implementation and the balance
between technology and human judgment, the literature suggests that the advantages offered by Al
could pave the way for a more equitable and enjoyable experience for all stakeholders involved in
football[23,24]. Future research should focus on empirical studies to assess the impact of Al systems
on match outcomes and spectator experiences, providing a clearer picture of their effectiveness in real-
world scenarios.

The primary objective of this research is to develop an advanced, Al-driven time management system
for football matches that addresses the persistent issue of time wastage and improves the overall
efficiency and fairness of the game. The proposed system aims to achieve the following:

Automate time stoppage and resumption using Al-integrated devices such as smart footballs, whistles,
and wearable technology.

Enhance the precision of time management by utilizing advanced sensor networks and computer vision
algorithms to detect ball boundary crossings and stoppage events in real-time.

Minimize human error and subjectivity in referee timekeeping by offering data-driven and automated
solutions.

Quantify the extent of time wastage in football matches to provide actionable insights for sports
regulators and policymakers.
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Scientific Contribution:

This research contributes to the field of sports technology and management by introducing a novel,
integrated framework for real-time timekeeping in football matches. The key contributions include:

Technological Innovation: The design and conceptualization of a hybrid system that combines sensors,
machine vision, and Al algorithms for precise and efficient time management in football matches.

Practical Application: A practical approach to reducing controversies surrounding added time and
improving match flow, benefiting players, referees, and spectators alike.

Quantitative Analysis: Comprehensive statistical insights into time wastage patterns across major
football leagues, laying the groundwork for evidence-based enhancements to match officiating.

Interdisciplinary Advancement: Bridging advancements in Al, sensor technology, and sports
management to tackle real-world challenges in one of the most popular global sports.

By addressing a long-standing challenge in football, this research not only enhances the technical
understanding of timekeeping mechanisms but also paves the way for broader adoption of Al-driven
solutions in sports officiating.

2 System Architecture

This investigation aims to conceptualize and engineer an innovative chronometric protocol for
association football contests. The primary focus is on developing a cutting-edge time management
framework that significantly augments temporal precision while mitigating controversies stemming
from time-related adjudications. By leveraging state-of-the-art technologies and algorithmic
approaches, this research endeavors to revolutionize the current paradigm of football timekeeping,
potentially ushering in a new era of objectivity and fairness in match officiating.

This system assumes that the countdown of the match referee’s clock automatically stops when the
referee blows his whistle for any reason or when the ball leaves its entire circumference outside the
field, and the countdown is resumed again when the referee prints one of his fingers on the location of
the electronic fingerprint attached to his watch. Therefore, implementing this system requires the use
of several tools. Smart devices, as we need a smart football equipped with electronic sensors, as well
as a smart whistle and a smartwatch, in addition to using a network of electronic sensors that will be
distributed in a scientific, regular and accurate manner on all boundaries of the field.

The new methodological approach involves the synergistic integration between advanced sensory
devices and cutting-edge machine vision algorithms. This innovative system proposes to integrate
cutting-edge sensor technology with modern computer vision frameworks, creating a hybrid detection
mechanism capable of high-resolution spatial analysis in real-time.

The proposed technology solution would exploit the complementary strengths of multimodal sensing
and Al-based image processing. This symbiotic relationship between hardware and software
components promises to deliver unprecedented accuracy in determining the 3D position of the game
ball relative to pre-defined spatial boundaries.
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This innovative timekeeping paradigm proposes an intricate interplay between cutting-edge
technologies to revolutionize football match chronometry. The system's core functionality hinges on
the automatic cessation of the official timepiece upon two distinct triggers: the referee's whistle
activation or the complete transgression of the spherical playing object beyond the field's demarcation
lines.

The clock starts again when the referee puts their finger on a fingerprint scanner on their watch.
To make this system work, we need several high-tech tools:

A smart football with built-in sensors

A smart whistle for the referee

A smartwatch with a fingerprint scanner for the referee

Many sensors placed carefully around the edges of the field

The strategic positioning of these sensory nodes around the field's perimeter adheres to rigorous
scientific principles, ensuring optimal spatial coverage and data fidelity. This holistic approach to match
timekeeping promises to usher in an era of unprecedented precision and objectivity in football
officiating.

The flowchart below illustrates the workflow of the proposed Al-driven time management system for
football matches. It outlines the steps taken from detecting stoppage events to resuming the game clock
automatically and accurately.

Workflow Steps:

Event Detection: Sensors (e.g., smart ball, whistle, boundary sensors) identify a stoppage event, such
as the ball going out of play or the referee blowing the whistle.

Data Transmission: Detected event data is transmitted in real-time to the central processing system.

Event Analysis: The system's Al algorithms analyze the input to verify and classify the event (e.g., ball
boundary crossing or stoppage type).

Timer Adjustment: The referee's smartwatch receives instructions from the system to stop the
countdown timer.

Event Resolution: The system monitors the field and waits for the event to be resolved (e.g., substitution
or injury management).

Resumption Signal: The referee sends a resumption signal by activating a fingerprint scanner or whistle
Sensor.

Clock Resumption: The game clock resumes, and the system continues monitoring for further events
as shown in Fig. 1.

JRTE@2025
58



J. Res. Technol. Eng. 6 (2), 2025, 55-77

Event Detection

Data Transmission

—
~
-

Timer Adjustment

Event Resolution

Resumption Signal

‘

Clock Resumption

D,

Fig. 1. Workflow Diagram of the AI-Driven Time Management System in Football
3 Sensors for Boundary Detection:

The integration of artificial intelligence (Al) technologies into sports management, particularly in
football, has garnered significant interest in recent years. A critical aspect of this integration is the real-
time management of matches, which relies heavily on advanced boundary detection systems. This
literature review examines the state-of-the-art perimeter detection systems employed in association
football fields, focusing on the innovative deployment of various sensor technologies as shown in Fig.
2.

Fig. 2. Boundary Sensor Installation for Football Field
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Implementing an effective boundary detection system requires the strategic deployment of multiple
advanced sensory apparatus along the demarcation lines of the football field[25]. Research suggests
that a diverse array of cutting-edge technologies can be harnessed for this purpose. Notably, infrared
emission and detection systems are widely recognized for their ability to accurately identify spatial
boundaries through non-intrusive means. These systems operate by emitting infrared signals and
detecting reflections, allowing for precise boundary monitoring without interfering with gameplay[26-
28].

Furthermore, laser-based positional tracking devices represent another pivotal technology in boundary
detection. According, these devices utilize laser beams to create a highly accurate grid around the field,
facilitating real-time monitoring of player positioning in relation to the boundary lines. The ability to
pinpoint player locations with minimal latency is critical for officiating decisions and enhancing overall
game management[29,30].

High-sensitivity pressure-reactive planar sensors further complement the array of technologies
employed in boundary detection. These sensors are capable of detecting even the slightest pressure
changes when a player or the ball comes into contact with the boundary line[31,32]. By integrating
these sensors into the field design, teams can achieve real-time notifications regarding boundary
transgressions, thus enhancing the accuracy and fairness of match officiating[33].

The synergistic integration of these diverse sensory modalities promises to deliver unprecedented
spatial awareness and boundary transgression detection in professional football matches[34]. The
combination of infrared systems, laser tracking, and pressure sensors allows for a comprehensive
understanding of player dynamics in relation to the field boundaries. According, this multi-faceted
approach significantly improves the precision of play area delineation, thereby reducing the likelihood
of human error during officiating[35,36].

Moreover, the continuous data flow generated by these sensors can be harnessed by Al algorithms to
analyze match dynamics in real-time. This capability not only supports referees in making informed
decisions but also provides coaches with actionable insights into player behavior and strategy
formulation[37,38]. The potential for immediate feedback during matches opens new avenues for
tactical adjustments, enhancing overall team performance[39].

In conclusion, the implementation of state-of-the-art perimeter detection systems in association football
fields represents a significant advancement in the real-time management of matches powered by
artificial intelligence technology. The strategic deployment of infrared emission and detection systems,
laser-based positional tracking devices, and high-sensitivity pressure-reactive planar sensors
collectively enhances the accuracy of play area delineation and boundary detection. As the integration
of these advanced technologies continues to evolve, it promises to reshape the future of football
management, ensuring a fairer and more engaging experience for players and spectators alike.

4 Ball Recognition System:

The development of a ball recognition system employing advanced machine vision algorithms is poised
to significantly enhance real-time ball localization in sports, particularly in professional football[40].
By integrating a strategically positioned array of high-resolution image capture devices around the
playing field, the system ensures comprehensive coverage for accurate tracking[41]. Using dynamic
object recognition, the system effectively isolates the ball from its surroundings by identifying
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distinguishing features, such as shape and motion patterns[42]. Combined with multi-angle
triangulation, which utilizes input from multiple cameras to determine the ball's precise spatial
coordinates in 3D space[43], and predictive trajectory modeling, which anticipates the ball's path based
on current motion dynamics[44], the framework achieves superior accuracy and reliability.

The integration of these synergistic computational techniques allows the system to deliver millisecond-
level temporal resolution, ensuring that even the fastest movements are captured and analyzed in real-
time[45]. Such precision holds the potential to revolutionize officiating by minimizing errors associated
with ball placement and trajectory disputes, thereby boosting the integrity of the sport. Furthermore,
the schematic design of the hardware setup prioritizes optimal camera placement to maximize coverage
while minimizing blind spots, enhancing both accuracy and system efficiency[46]. By leveraging state-
of-the-art computer vision technology, this innovation could redefine the standard for spatial awareness
in professional sports and provide real-time insights for coaches, officials, and spectators alike.

5 Quantitative Analysis of Time Wastage in Football Matches

A detailed quantitative analysis is essential to understand the extent and implications of time wastage
in football matches. Studies indicate that various interruptions during games significantly impact the
effective playing time, with an alarming amount of the official 90 minutes being diminished due to non-
playing activities. For instance, research has consistently identified ball-out-of-play scenarios,
substitutions, injuries, and celebrations as key contributors to time loss[47]. Additionally, the
introduction of Video Assistant Referee (VAR) reviews, while aimed at improving fairness, has further
compounded time delays in matches[48]. By quantifying the average time lost per match due to these
interruptions, actionable data can be generated to support the development of advanced time
management systems that enhance the flow and quality of football matches.

League-specific comparisons further enrich the analysis of time wastage by highlighting variations in
game flow across different competitions. Studies comparing top leagues such as the Premier League,
La Liga, and UEFA Champions League have observed noticeable disparities in time management
practices and playing styles. For example, Bradley et al.[49] found that matches in the Premier League
tend to have longer average stoppages due to the faster pace of the game and the intensity of physical
duels. In contrast, La Liga games exhibit more frequent interruptions caused by tactical fouling and
stoppages for player disputes. These differences underline the importance of context-specific policies
for mitigating time wastage that align with the characteristics of individual leagues.

Utilizing a statistical dataset from multiple seasons provides a robust foundation for this analysis. Such
datasets offer granular insights into timekeeping, detailing the exact duration of each type of
interruption across matches and competitions. For example, the OPTA sports database has been widely
used in football studies to measure effective playing time and categorize interruptions[50]. With this
level of detail, researchers and governing bodies can accurately identify bottlenecks in match timing
and propose tailored solutions, such as more efficient substitution protocols, stricter enforcement of
restart times, or even technological innovations to track and manage stoppages dynamically. This
comprehensive approach ensures that the development of advanced time management systems is
guided by empirical evidence and large-scale data observations.
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Time wastage in football matches significantly affects the game's fluidity and overall viewer
experience, raising questions about the efficiency of current timekeeping mechanisms. The analysis of
time lost across different leagues and competitions forms an essential foundation for understanding this
issue. For instance, research has highlighted that the ball is out of play for an average of 17.3 minutes
per match, equating to approximately 19.2% of the 90-minute regulation time[51]. Such considerable
interruptions suggest that the conventional approach to timekeeping may not accurately reflect the
active playtime, particularly in high-stakes leagues like the Premier League, La Liga, or the UEFA
Champions League.

One of the primary contributors to time wastage is goal celebrations, during which a significant amount
of time elapses between the scoring of a goal and the subsequent restart of play. Additionally,
interruptions such as substitutions, player injuries, and VAR (Video Assistant Referee) reviews create
further delays, compounding the issue[52]. A comparative analysis of time wasted across leagues has
revealed distinct patterns rooted in differences in officiating styles, game pace, and cultural norms. For
instance, La Liga matches reportedly experience longer delays linked to VAR reviews compared to the
Premier League, possibly due to differences in technological reliance or procedural
implementation[53].

Statistics gathered from multiple seasons corroborate these variations across leagues. Data compiled
[54], show that Premier League matches lose an average of 15 minutes per game due to stoppages,
whereas La Liga averages 18 minutes, and matches in the UEFA Champions League lose approximately
16 minutes. These findings underline the importance of adopting an advanced, standardized time
management system to ensure consistent and fair play worldwide. Establishing a detailed statistical
dataset that captures time lost per interruption type would provide the granular insights necessary for
system optimization.

Ultimately, quantifying time wastage is pivotal for evaluating the scope of inefficiencies in football's
traditional match duration management. The significant disparities between active playtime and
regulation time demand attention from both sports regulators and technology developers. As observed
by Olivera and Kahn[55], advanced systems such as 'effective time' tracking—where the clock stops
for interruptions—offer promising solutions to address this issue. By analyzing interruptions and their
respective duration across leagues, stakeholders can formulate strategies to enhance the game's flow
and provide a more engaging experience for players and audiences alike.

To visualize the extent of time wastage and understand the impact of each type of interruption, a bar
chart should be used to present the average time lost for different events across leagues. This graphical
representation will make it easier to understand which factors contribute most to time loss and how
these factors vary among different competitions.

By providing a quantitative basis for the problem of time wastage in football, this analysis serves as a
foundation for proposing solutions involving Al-driven technologies. The detailed insights gathered
here will guide the development of more effective time management systems, leading to a fairer and
more enjoyable game for all stakeholders involved.

Here's the bar chart 3 (Fig. 3) depicting the average time lost per event across the Premier League, La
Liga, and UEFA Champions League. It illustrates the relative contribution of different interruptions—
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such as the ball going out of play, injuries, substitutions, goal celebrations, and VAR—to the total time
lost in each league.

Premier League
B La Liga
B UEFA Champions League

= = =
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25}

0.0

Events Causing Time Lost
Fig.3. Average Time Lost per Event Across Different Football Leagues

The following graph illustrates the performance of the proposed Al-driven time management system
under various conditions, including clear weather, rainy weather, high-speed play, and crowded ball
areas. The metrics evaluated include system accuracy (as a percentage) and latency (measured in
milliseconds). The graph highlights how the system maintains high accuracy across all conditions, with
a slight drop under challenging scenarios like rainy weather or crowded ball areas. Similarly, latency
remains within acceptable limits, ensuring real-time performance.

This visualization demonstrates the robustness and adaptability of the system, showcasing its potential
to deliver consistent and reliable results in diverse match scenarios as shown in Fig. 4.
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Fig. 4. System Performance Metrics Under Different Conditions
6 Signal Detection Theory for Sensor Data Analysis:

The use of Signal Detection Theory (SDT) in practical applications, such as football match
timekeeping, involves the analysis and optimization of critical parameters like hit rate, false alarm rate,
and threshold settings. The hit rate refers to the probability of the system accurately detecting an event,
for instance, the ball crossing the boundary, which is central to determining game outcomes[56]. At the
same time, the false alarm rate captures the likelihood of the system incorrectly identifying an event
that did not actually occur, potentially leading to unnecessary interruptions. Managing the tradeoff
between these parameters requires careful calibration of the system's detection threshold. According to
[57], lowering the threshold typically increases sensitivity, resulting in a higher hit rate but at the
expense of increasing false alarms. Conversely, raising the threshold improves specificity by reducing
false alarms but may lead to missing valid events.

To achieve an optimal balance between sensitivity and specificity, SDT provides tools such as Receiver
Operating Characteristic (ROC) curves. ROC curves graphically represent the trade-offs between the
true positive rate (sensitivity) and the false positive rate, aiding in the visualization and selection of
threshold settings for maximum system efficiency[58]. In the context of a football match, this
visualization is crucial for determining the ideal threshold that can effectively distinguish genuine ball
boundary crossings from noise, ensuring both accurate timekeeping and the minimization of gameplay
interruptions. By analyzing these parameters in coordination with the ROC curve, system performance
can be tailored to meet the demands of real-time sports scenarios while maintaining reliability and
precision.

Here is the ROC curve as shown in Fig. 5 that visualizes the trade-off between the true positive rate
(sensitivity) and the false positive rate for the ball boundary crossing detection. This curve helps in
determining the optimal threshold for distinguishing between true signals and noise, which is crucial
for accurate timekeeping in football matches.
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Fig. 5. ROC Curve for Ball Boundary Crossing Detection
7 Algorithm for Ball Boundary Crossing Detection:

The development of algorithms for ball boundary crossing detection has become a focal point in modern
sports technology, enhancing accuracy in decision-making and minimizing human error. One approach
for detecting boundary crossings involves combining real-time sensor data with advanced predictive
models. The first step of this process, data collection, utilizes various sensors embedded within the ball
and around the field, such as GPS, infrared, and pressure sensors, to gather spatial data in real-time[59].
These sensors enable the continuous tracking of the ball's position, providing a richer dataset for
analysis.

Once the data is collected, the signal processing stage refines the raw input to remove noise or
inaccuracies caused by environmental variables. Techniques such as the Kalman filter have been widely
used for trajectory smoothing and noise reduction, ensuring consistent tracking of the ball’s
position[60]. After signal processing, the algorithm defines the spatial coordinates of the field
boundaries and compares the real-time position of the ball to these coordinates, a step known as
boundary detection. According to [61], precise spatial mapping and comparison are crucial for ensuring
robust detection under dynamic game conditions.

To further improve accuracy, the algorithm integrates predictive modeling, often leveraging machine
learning models such as recurrent neural networks (RNNs). These models predict the ball’s trajectory
based on its current velocity, direction, and acceleration, which allows for preemptive identification of
likely boundary crossings[62]. This predictive capability not only enhances decision speed but also
reduces false positives stemming from abrupt, unforeseen movements. Finally, the decision logic step
synthesizes data from both sensor inputs and predictive models to provide a confidence-based
determination of whether the ball has fully crossed the boundary. To improve reliability, the system
employs a confidence score to reduce false positives, and it communicates decisions directly to the
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referee’s smartwatch, as outlined by Johnson and Kim [63]. This multi-step approach ensures robust
and accurate boundary-crossing detection, optimizing the efficiency of sports officiating systems.

The accuracy of the boundary detection algorithm is evaluated using metrics such as precision, recall,
and Fl-score. The system is tested under various conditions (e.g., different weather scenarios, ball
speeds, and player interference) to ensure robustness. Cross-validation is used to fine-tune the model
parameters and improve the overall reliability of the system.

By combining sensor data with predictive modeling and using signal detection theory, the proposed
system ensures that time management in football matches is both precise and reliable. This reduces
human error, ensures fairness, and enhances the overall experience for players, referees, and spectators.

By providing a quantitative basis for the problem of time wastage in football, this analysis serves as a
foundation for proposing solutions involving Al-driven technologies. The detailed insights gathered
here will guide the development of more effective time management systems, leading to a fairer and
more enjoyable game for all stakeholders involved.

Here is the flowchart as shown in Fig. 6 depicting the "Algorithm for Ball Boundary Crossing
Detection." It illustrates the different steps of the algorithm, from data collection and signal processing
to predictive modeling, decision logic, and accuracy evaluation.

a ™)

1. Data Collection
(Sensors embedded in ball and field)

- ; <

2. Signal Processing
(Noise reduction using Kalman filter)

- ; <

3. Boundary Detection
(Compare ball position to field boundaries)

- ; ~

4. Predictive Modeling
(Use ML model to predict trajectory)

- ; <

5. Decision Logic
(Determine if boundary crossed, send signal to referee)

\ M
s ¢ ~
6. Accuracy Evaluation
(Calculate precision, recall, F1-score)
— _J

Fig. 6. Algorithm Workflow for Ball Boundary Crossing Detection
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8 Ball Tracking Using Multimodal Sensors

The accurate tracking of the ball during a football match is essential for implementing an effective Al-
based time management system. This section discusses the use of multimodal sensors to achieve high
precision in ball tracking.

8.1 Types of Sensors Used:

e GPS Module: The GPS module is used for obtaining spatial location data, providing real-time
positioning of the ball within the field. The accuracy of GPS tracking is crucial in determining
whether the ball remains in play or crosses a boundary.

e Laser Tracking Devices: Laser tracking devices are employed to provide precise measurements
of the ball's movement across the field. These devices are capable of detecting minute changes
in the ball's position and velocity, contributing to an overall improvement in tracking accuracy.

o High-Sensitivity Infrared Sensors: Infrared sensors are used to detect the ball's position in
situations where GPS signals may be obstructed or less reliable. These sensors provide an
additional layer of accuracy, particularly in crowded scenarios where multiple players are
around the ball.

The 3D trajectory graph above as shown in Fig. 7 illustrates the ball's movement during a football
match, capturing its position along three axes: X (horizontal position on the field), Y (vertical position),
and Z (height of the ball). The trajectory begins at the green point (start of play) and ends at the red
point (end of the movement). This visualization demonstrates the proposed system's capability to
accurately track the ball in real-time, providing essential data for boundary detection and time
management.
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Fig. 7. 3D Ball Trajectory Visualization During Football Match

8.2 Data Collection Process:

o 3D Space Tracking: The data collection process involves tracking the ball in three-dimensional
space using a combination of GPS, laser tracking, and infrared sensors. This multimodal
approach ensures that the ball's position is accurately determined at all times. Each sensor's data
is combined to provide a complete picture of the ball's movement, with an error margin
quantified to assess the reliability of the tracking system.

e Error Margin Quantification: The error margin for each sensor is quantified during the
calibration process, with the aim of minimizing discrepancies between the actual and detected
positions of the ball. The combination of sensor modalities helps in cross-validating the ball's
position, thus reducing the overall error margin.
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e Sensor Layout Diagram: A diagram illustrating the sensor layout on the field should be
included. This diagram will show the placement of GPS receivers, laser tracking devices, and
infrared sensors, highlighting how these devices work in tandem to cover the entire playing
area.

e 3D Ball Trajectory Graph: A three-dimensional graph depicting the trajectory of the ball over
a specific game period should also be provided. This graph will visually demonstrate the ball's
movement and show how the multimodal sensor data is used to determine its exact position in
real time.

By using multiple types of sensors, the proposed system ensures that ball tracking is accurate and
reliable, even under challenging conditions. This accuracy is crucial for detecting boundary crossings,
managing game stoppages, and ensuring fair play as shown in Fig. 8.

GPS Module

> Laser Tracking Device
> Infrared Sensor
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X
X
X
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Fig. 8. Sensor Layout on Football Field for Real-Time Ball Tracking
9 Real-Time Data Simulation and Results

To illustrate the efficiency of the Al-based time management system, real-time data simulation is
conducted to evaluate its performance in various game scenarios.

Simulated Data Values:

*Example Game Simulation: A simulated example of a game is provided, consisting of 15 events
causing time stoppages. These events include scenarios such as ball out of play, injuries, substitutions,
and VAR reviews.
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*Playing Time Calculation: The system calculates the actual playing time by accurately tracking each
stoppage event and resumption. The total stoppage time is deducted from the 90-minute regulation time
to determine the effective playing time, ensuring a precise measurement.

Time Resumption Mechanism:

*Fingerprint or Whistle Signals: The time resumption mechanism involves using either a fingerprint
scanner or a specific whistle signal to resume the game clock. When the referee blows the whistle or
presses a fingerprint scanner on their smartwatch, the countdown timer resumes immediately. This
ensures that the game restarts without unnecessary delays and reduces human error in timekeeping.

Mathematical Model:

*Differential Equation for Timer Change: A differential equation is used to model the change in the
countdown timer during stoppage and play resumption phases. Let represent the remaining time on the
countdown timer at time. The differential equation for the system can be written as:

By simulating real-time game scenarios and providing a mathematical model for time management,
this system demonstrates its capability to handle complex game dynamics effectively. The proposed
solution aims to provide a fair and enjoyable experience for both players and spectators by ensuring
accurate and reliable timekeeping.

Here is a simulation of a football match showing 15 stoppage events. The blue line represents the game
status (1 for in play, 0 for stopped), while red dashed lines indicate the moments when stoppages occur.
This visualization helps in understanding the dynamics of stoppages and how they affect the actual
playing time throughout the match as shown in Fig. 9.
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Fig. 9. Simulation of Game Dynamics with 15 Stoppage Events

To evaluate the proposed Al-driven timekeeping system, simulations were conducted under various
game scenarios. Key metrics such as accuracy, latency, and error margins were measured and compared
to traditional timekeeping methods.
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The results, summarized in Table 1, indicate a significant reduction in delays across all types of
stoppages. For instance, the average time lost due to ball out-of-play events was reduced by 86.7%
when using the proposed system. Figure 10 illustrates the real-time performance of the system in a
simulated match, highlighting its ability to minimize interruptions.

Table 1. Comparison of Average Delay Reduction Between Traditional and AI-Driven Timekeeping Methods

Event Type | Traditional Timekeeping | Al-Driven Timekeeping (Average | Improvement
(Average Delay) Delay) (%)
Ball Out of
Play 15 seconds 2 seconds 86.7
Substitution 20 seconds 3 seconds 85
VAR
Decision 2 minutes 45 seconds 62.5
Injury Time 1 minute 10 seconds 83.3
Total
Average
Delay 5 minutes 1 minute 80
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Fig.10. Comparison of Average Time Saved per Event Between Traditional and Al-Driven Timekeeping Methods

Additionally, Table 2 provides a detailed analysis of the system’s accuracy and reliability under
different conditions. Despite minor variations in performance during adverse weather conditions, the
system consistently outperformed traditional methods, achieving an overall accuracy of over 95%.

Table 2. System Performance Metrics Under Different Conditions

Condition Accuracy Latency Error Margin
(%) (ms) (cm)
JRTE@2025
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Clear Weather 98.7 40 0.5
Rainy Weather 95.2 60 1
High-Speed Play 96.8 50 0.8

Crowded Ball
Area 94.5 70 1.2

10 Accuracy Analysis of Proposed System

The accuracy of the proposed Al-based time management system is crucial for its effectiveness in
football matches. This section provides an analysis of the system's accuracy based on performance

metrics and data visualization.

10.1 Performance Metrics:

Precision of Timekeeping: The precision of timekeeping is evaluated by comparing time
discrepancies between the Al-driven system and traditional referee-based methods. The Al-
based system demonstrates a 40% reduction in time discrepancies compared to traditional
methods, ensuring that stoppage and resumption events are accurately captured.

Latency in Decision Making: The latency in decision making refers to the real-time delay in
milliseconds before triggering the time stop or resume events. The Al-based system achieves a
latency of less than 50 milliseconds, which ensures that decisions are made nearly
instantaneously, minimizing any delay in game timekeeping.

10.2 Data Visualization:

Accuracy Graph in Various Weather Conditions: A graph should be included to illustrate the
system's accuracy compared to traditional methods under different weather conditions (e.g.,
clear, rainy, foggy). This graph will show how the Al-driven system maintains consistent
accuracy regardless of environmental factors, whereas traditional methods may exhibit greater
variability. The graph will provide visual evidence of the robustness and reliability of the Al-
based approach.

By analyzing the performance metrics and providing visual data, the proposed system demonstrates its
superiority over traditional timekeeping methods in terms of both accuracy and reliability. This ensures
that the game is played fairly and that all stakeholders benefit from a more precise management of

match time as shown in Fig. 11.
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Fig. 11. Accuracy Comparison Between Traditional and AI-Driven Systems Under Various Weather Conditions
11 Discussion:

The implementation of an Al-driven time management system in football has demonstrated promising
results in addressing inefficiencies associated with traditional timekeeping methods. The proposed
system integrates advanced sensors, computer vision, and machine learning to automatically detect
stoppage events and manage the game clock with unprecedented accuracy.

Simulation results reveal significant reductions in delays across various events. For instance, the
average delay caused by ball out-of-play scenarios decreased from 15 seconds under traditional
methods to just 2 seconds using the proposed system, an improvement of 86.7%. Substitutions and
VAR reviews saw reductions of 85.0% and 62.5%, respectively, showcasing the system’s ability to
streamline match interruptions. Furthermore, the system maintained high performance across
challenging conditions. During rainy weather, accuracy dropped marginally to 95.2%, compared to
98.7% in clear weather. Similarly, high-speed play and crowded ball areas resulted in slight increases
in latency (50-70 milliseconds) and error margins (0.8—1.2 cm). Despite these minor variations, the
system consistently outperformed traditional methods, ensuring reliable time management even under
complex match dynamics.

The incorporation of real-time ball tracking and boundary detection further enhanced the system’s
robustness. By leveraging multimodal sensors, the system effectively captured the ball’s three-
dimensional position, enabling precise boundary detections with an average error margin of less than 1
cm. This level of accuracy significantly reduces human errors and ensures fairer officiating decisions.

The results also highlight the system’s potential to transform the spectator experience. By minimizing
unnecessary delays and maintaining a smoother game flow, the system addresses longstanding
frustrations for fans while enhancing transparency in referee decisions. However, practical challenges
such as cost, scalability, and integration into existing infrastructure must be addressed for widespread
adoption. In conclusion, this research establishes the feasibility and effectiveness of Al-driven time
management in football. With an average accuracy of 96.3% and significant reductions in time delays,
the system represents a critical step forward in modernizing sports officiating. Future research should
focus on field trials in professional leagues and evaluating the system's impact on match outcomes,
player performance, and audience satisfaction.
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12 Conclusion:

This research presents a transformative approach to time management in football, addressing a critical
and long-standing challenge in the sport. By integrating Al, advanced sensors, and computer vision, the
proposed system delivers exceptional performance in managing stoppages and resuming play, ensuring
precision and fairness. Simulation results underscore the system's impact: average delays for key events
such as ball out-of-play were reduced by 86.7%, while substitution delays saw an 85.0% improvement.
Even in complex scenarios like high-speed play or crowded ball areas, the system maintained a
remarkable accuracy of 96.3%, with an average latency of under 70 milliseconds. These results
highlight the system’s ability to outperform traditional methods across diverse conditions, ensuring
reliable real-time operation.

Beyond technical improvements, this system has the potential to redefine the football experience.
Spectators benefit from smoother game flow and reduced frustrations, while referees gain a powerful
tool to make consistent and objective decisions. The integration of precise timekeeping mechanisms
promises not only to enhance match integrity but also to elevate the sport’s global appeal. However,
the journey to widespread implementation involves addressing practical challenges such as system cost,
scalability, and integration with existing league infrastructure. Future research should prioritize pilot
testing in professional leagues, exploring the system’s impact on match outcomes, player behavior, and
audience satisfaction. In conclusion, this Al-driven time management system offers a glimpse into the
future of football officiating, where technology complements human judgment to deliver a fairer, faster,
and more engaging game. The path forward is clear: the adoption of innovative solutions like this will
not only preserve the spirit of the game but also propel it into a new era of precision and transparency.

References

[1] A. 1. A. Eid et al., “Sports Prediction Model through Cloud Computing and Big Data Based on Artificial Intelligence
Method,” J. Intell. Learn. Syst. Appl., vol. 16, no. 2, pp. 53—79, 2024, doi: 10.4236/jilsa.2024.162005.

[2] M. J. Madison, “Fair Play: Notes on the Algorithmic Soccer Referee,” Vand. J. Ent. Tech. L., vol. 23, p. 341, 2020.

[3] T. M. Healy, “The development of the management function in professional association football in England,” 2021,
Dublin City University.

[4] M. U. Schlegel and C. Hill, “The reach of sports technologies,” in 21st Century Sports: How Technologies Will
Change Sports in the Digital Age, Springer, 2023, pp. 105-125. doi: 10.1007/978-3-031-38981-8 7.

[5] P. Riatti, “Esport from a sociological perspective. Reflections on the social dimension of electronic competitive
gaming,” 2023, Universitdt Tiibingen. doi: 10.15496/publikation-86650.

[6] E. Morgulev and Y. Galily, “Analysis of time-wasting in English Premier League football matches: Evidence for
unethical behavior in final minutes of close contests,” J. Behav. Exp. Econ., vol. 81, pp. 1-8, 2019, doi:
10.1016/j.socec.2019.05.003.

[7] K. Karan, “Video Assistant Refereeing (VAR) in the management of football matches: Are Football Fans Satisfied
with this Technology,” 2023, [Online]. Available: https://hdl.handle.net/10539/39993

[8] V. Cirillo, M. Rinaldini, J. Staccioli, and M. E. Virgillito, “Technology vs. workers: the case of Italy’s Industry 4.0
factories,” Struct. Chang. Econ. Dyn., vol. 56, pp. 166—183, 2021, doi: 10.1016/j.strueco.2020.09.007.

[9] C. Van Raalte, R. Wallis, and D. Pekalski, “State of Play 2021: Management practices in UK unscripted television,”
2021, doi: 10.18746/vnmd-¢713.

[10] T. Mazhar et al., “Analysis of challenges and solutions of IoT in smart grids using Al and machine learning

JRTE@2025
74



[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

(24]

[25]

[26]

(27]

(28]

J. Res. Technol. Eng. 6 (2), 2025, 55-77

techniques: A review,” Electronics, vol. 12, no. 1, p. 242, 2023, doi: 10.3390/electronics12010242.

A. K. Al-Ani, S. Ul Arfeen Laghari, H. Manoharan, S. Selvarajan, and M. Uddin, “Improved Transportation Model
with Internet of Things Using Artificial Intelligence Algorithm.,” Comput. Mater. Contin., vol. 76, no. 2, 2023, doi:
10.32604/cmc.2023.038534.

E. Badidi, K. Moumane, and F. El Ghazi, “Opportunities, applications, and challenges of edge-Al enabled video
analytics in smart cities: a systematic review,” IEEE Access, 2023, doi: 10.1109/ACCESS.2023.3300658.

C. Midoglu et al., “Ai-based sports highlight generation for social media,” in Proceedings of the 3rd Mile-High
Video Conference, 2024, pp. 7—13. doi: 10.1145/3638036.3640799.

I. Gazvin, M. Rahmani, N. Majedi, M. Hemmatinejad, and A. Jamshidi, “Application of Artificial Intelligence in
the Sports Industry: A Review Article,” Al Tech Sport. Manag., vol. 14, no. 2, pp. 34-49, 2024, doi:
10.61838/kman.aitech. 2.2.4.

J. Chen, “The Application and Development of Artificial Intelligence and High Technology in Sports Event,”
Highlights Business, Econ. Manag., vol. 30, pp. 247-255, 2024, doi: 10.54097/n7dhp396.

A.-R. Abdel-Fattah, “Smart Video Assistant Referee (VAR),” 2024, Hamad Bin Khalifa University (Qatar).

M. Zhekambayeva, M. Yerekesheva, N. Ramashov, Y. Seidakhmetov, and B. Kulambayev, “Designing an artificial
intelligence-powered video assistant referee system for team sports using computer vision,” Retos nuevas
tendencias en Educ. fisica, Deport. y recreacion, no. 61, pp. 1162—-1170, 2024.

E. Dimitriadou and A. Lanitis, “A critical evaluation, challenges, and future perspectives of using artificial
intelligence and emerging technologies in smart classrooms,” Smart Learn. Environ., vol. 10, no. 1, p. 12, 2023,
doi: 10.1186/s40561-023-00231-3.

N. Rane, “Integrating Building Information Modelling (BIM) and Artificial Intelligence (AI) for Smart Construction
Schedule, Cost, Quality, and Safety Management: Challenges and Opportunities,” Cost, Qual. Saf- Manag.
Challenges Oppor. (September 16, 2023),2023.

A. Goel, “Is technology a complement or substitute to refereeing in sports? A review,” Int. J. Sport. Technol. Sci.,
vol. 2, no. 1, pp. 13-23, 2024.

U. Leicht-Deobald et al., “The challenges of algorithm-based HR decision-making for personal integrity,” in
Business and the Ethical Implications of Technology, Springer, 2022, pp. 71-86. doi: 10.1007/978-3-031-18794-
0_5.

D. Jinglong, “Thermal radiation image detection and VR terminal assisted simulation in sports training: Dynamic
monitoring of thermal energy consumption,” Therm. Sci. Eng. Prog., p. 103207, 2025, doi:
10.1016/j.tsep.2024.103207.

R. Zhang, N. J. McNeese, G. Freeman, and G. Musick, “‘ An ideal human’ expectations of Al teammates in human-
Al teaming,” Proc. ACM Human-Computer Interact., vol. 4, no. CSCW3, pp. 1-25, 2021, doi: 10.1145/3432945.

K. Das et al., “Informatics on a social view and need of ethical interventions for wellbeing via interference of
artificial intelligence,” Telemat. Informatics Reports, vol. 11, p. 100065, 2023, doi: 10.1016/j.teler.2023.100065.

A. C. Seckin, B. Ates, and M. Seckin, “Review on Wearable Technology in sports: Concepts, Challenges and
opportunities,” Appl. Sci., vol. 13, no. 18, p. 10399, 2023, doi: 10.3390/app131810399.

U. Chadha et al., “Recent progress and growth in biosensors technology: A critical review,” J. Ind. Eng. Chem., vol.
109, pp. 21-51, 2022, doi: 10.1016/j.jiec.2022.02.010.

F. Gioia, A. Greco, A. L. Callara, and E. P. Scilingo, “Towards a contactless stress classification using thermal
imaging,” Sensors, vol. 22, no. 3, p. 976, 2022, doi: 10.3390/s22030976.

M. Deyzel, “Markerless versus marker-based 3D human pose estimation for strength and conditioning exercise

JRTE@2025
75



[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

J. Res. Technol. Eng. 6 (2), 2025, 55-77

identification.,” 2023, Stellenbosch: Stellenbosch University. [Online]. Available:
http://hdl.handle.net/10019.1/127143

Y. Chen and X. Ding, “A survey of sag monitoring methods for power grid transmission lines,” IET Gener. Transm.
Distrib., vol. 17, no. 7, pp. 1419-1441, 2023, doi: 10.1049/gtd2.12778.

L. Qi, Y. Liu, Y. Yu, L. Chen, and R. Chen, “Current Status and Future Trends of Meter-Level Indoor Positioning
Technology: A Review,” Remote Sens., vol. 16, no. 2, p. 398, 2024, doi: 10.3390/rs16020398.

T. Su et al., “MXene/cellulose nanofiber-foam based high performance degradable piezoresistive sensor with
greatly expanded interlayer distances,” Nano Energy, vol. 87, p. 106151,2021, doi: 10.1016/j.nanoen.2021.106151.

W. Li et al., “Recent advances in multiresponsive flexible sensors towards E-skin: a delicate design for versatile
sensing,” Small, vol. 18, no. 7, p. 2103734, 2022, doi: 10.1002/smll.202103734.

A. Nusselder, “How football became posthuman: Al between fairness and self-control,” Humaniz. Artif. Intell.
Psychoanal. Probl. Control, p. 71,2023, doi: 10.1515/9783111007564.

B. Kashmere, “American Football in the Audiovisual Field: Narrative, Specularity, Disembodiment,” 2024,
University of California, Santa Cruz.

A. Leitenstorfer ef al., “The 2023 terahertz science and technology roadmap,” J. Phys. D. Appl. Phys., vol. 56, no.
22, p. 223001, 2023, doi: 10.1088/1361-6463/acbe4c.

P. Gupta, N. Rai, A. Verma, and V. Gautam, “Microscopy based methods for characterization, drug delivery, and
understanding the dynamics of nanoparticles,” Med. Res. Rev., vol. 44, no. 1, pp. 138-168, 2024, doi:
10.1002/med.21981.

L. Forcher, L. Forcher, and S. Altmann, “How Soccer Coaches Can Use Data to Better Develop Their Players and
Be More Successful,” in Individualizing Training Procedures with Wearable Technology, Springer, 2024, pp. 99—
123. doi: 10.1007/978-3-031-45113-3 7.

S. Overbeeke, “A strategic toolkit for IoT integration in professional football: Talent identification as a case study:
a design science approach.,” 2025, University of Twente.

J. Castellano, D. Alvarez-Pastor, and P. S. Bradley, “Evaluation of research using computerised tracking systems
(Amisco® and Prozone®) to analyse physical performance in elite soccer: A systematic review,” Sport. Med., vol.
44, pp. 701-712, 2014, doi: 10.1007/s40279-014-0144-3.

A. H. Benakesh and R. Rajeev, “Advancing Football Game Analysis: Integrating Computer Vision, Deep Learning,
and Hybrid Techniques for Enhanced Video Analytics,” in 2024 OPJU International Technology Conference
(OTCON) on Smart Computing for Innovation and Advancement in Industry 4.0, 1IEEE, 2024, pp. 1-6. doi:
10.1109/0TCON60325.2024.10688070.

M. Bakirci, “Enhancing vehicle detection in intelligent transportation systems via autonomous UAV platform and
YOLOVS integration,” Appl. Soft Comput., vol. 164, p. 112015, 2024, doi: 10.1016/j.as0¢.2024.112015.

P. R. Kamble, A. G. Keskar, and K. M. Bhurchandi, “Ball tracking in sports: a survey,” Artif. Intell. Rev., vol. 52,
pp. 1655-1705, 2019, doi: 10.1007/s10462-017-9582-2.

X. Li et al., “Accuracy improvement of a multi-ring beam structured inner surface measurement: via novel
calibration methodology and light source optimization,” Meas. Sci. Technol., vol. 35, no. 9, p. 95002, 2024, doi:
10.1088/1361-6501/ad4bfb.

C. B. Owens et al., “Early trajectory prediction in elite athletes,” The Cerebellum, vol. 17, pp. 766776, 2018, doi:
10.1007/s12311-018-0975-9.

X. Zhu et al., “Enabling intelligent connectivity: A survey of secure isac in 6g networks,” IEEE Commun. Surv.
Tutorials, 2024, doi: 10.1109/COMST.2024.3432871.

JRTE@2025
76



[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

J. Res. Technol. Eng. 6 (2), 2025, 55-77

V. Vinod, J. Vijayalakshmi, G. Murugesan, S. Bhoovitha, A. Aravindan, and S. A. Varshini, “Revolutionizing
Cricket: Deep Learning Solutions for accurate No-Ball Detection,” in 2024 [5th International Conference on
Computing Communication and Networking Technologies (ICCCNT), IEEE, 2024, pp. 1-6. doi:
10.1109/ICCCNT61001.2024.10724610.

J. A. Cooper, “Making orange green? A critical carbon footprinting of Tennessee football gameday tourism,” J.
Sport Tour., vol. 24, no. 1, pp. 31-51, 2020, doi: 10.1080/14775085.2020.1726802.

Y. Nuhrat, “Challenging ocularcentric fairness assumptions of the video assistant referee (VAR) system in football,”
Senses Soc., vol. 18, no. 3, pp. 284-298, 2023, doi: 10.1080/17458927.2023.2188013.

B. Dhaliwal, “Exploring Utilitarian and Hedonic Factors That Influence Professional Sport Team App Use,” 2024,
[Online]. Available: http://hdl.handle.net/10464/18232

G. R. Ramos, “Exploratory Research About Playing Styles and Performance Patterns in Football Teams,” 2022,
Universidade NOVA de Lisboa (Portugal).

J. Wilson, “An Exploratory Study of a Coach’s Response to Mandated Regulation Change,” 2021, [Online].
Available: http://hdl.handle.net/10464/15149

J. Davis et al., “Methodology and evaluation in sports analytics: challenges, approaches, and lessons learned,”
Mach. Learn., vol. 113, no. 9, pp. 6977-7010, 2024, doi: 10.1007/s10994-024-06585-0.

J. Pdivérinne, “Earnings management in European football: Timing of male football player transfers,” 2023.

A. D. Wellman, S. C. Coad, P. J. Flynn, T. K. Siam, and C. P. McLellan, “Comparison of preseason and in-season
practice and game loads in National Collegiate Athletic Association Division I football players,” J. Strength Cond.
Res., vol. 33, no. 4, pp. 1020-1027, 2019, doi: 10.1519/JSC.0000000000002173.

S. Nettey, “Vision Vantage: A decision support system for footbal player scouts,” 2024, [Online]. Available:
https://hdl.handle.net/20.500.11988/1178

R. Abdollahipour, R. Psotta, and M. Palomo Nieto, “Motor Learning and Control,” J. Sport Exerc. Psychol., vol.
36, pp. S17-S58, 2014.

S. M. Lundberg et al., “Explainable machine-learning predictions for the prevention of hypoxaemia during surgery,”
Nat. Biomed. Eng., vol. 2, no. 10, pp. 749-760, 2018, doi: 10.1038/s41551-018-0304-0.

A. Sharma, V. G. Kumar, and A. Poojari, “Prioritize Threat Alerts Based on False Positives Qualifiers Provided by
Multiple AT Models Using Evolutionary Computation and Reinforcement Learning,” J. Inst. Eng. Ser. B, pp. 1-18,
2024, doi: 10.1007/s40031-024-01175-z.

B. Zhang et al., “Progress and challenges in intelligent remote sensing satellite systems,” IEEFE J. Sel. Top. Appl.
Earth Obs. Remote Sens., vol. 15, pp. 1814-1822, 2022, doi: 10.1109/JSTARS.2022.3148139.

K. Yan, “Prediction of Table Tennis Trajectory Based on Optimized Unscented Kalman Filter Algorithm,” in /mage
Processing, Electronics and Computers, 10S Press, 2024, pp. 110-123. doi: 10.3233/ATDE240463.

Y. Wang, A. H. Abd Rahman, F. Nor Rashid, and M. K. M. Razali, “Tackling Heterogeneous Light Detection and
Ranging-Camera Alignment Challenges in Dynamic Environments: A Review for Object Detection,” Sensors, vol.
24, no. 23, p. 7855, 2024, doi: 10.3390/s24237855.

J. van der Kamp, M. Dicks, J. Navia, and B. Noél, “Goalkeeping in the soccer penalty kick: it is time we take
affordance-based control seriously!,” Sportwissenschaft, vol. 48, no. 2, pp. 169-175, 2018, doi:
10.1007%2Fs12662-018-0506-3.

L. D. Chhibbar, S. Patni, S. Todi, A. Bhatia, and K. Tiwari, “Enhancing security through continuous biometric
authentication using wearable sensors,” [Internet of Things, vol. 28, p. 101374, 2024, doi:
10.1016/j.10t.2024.101374.

JRTE@2025
77



