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Abstract 

Objective: The aim of this study is to propose a deep learning approach for detecting 

head injuries in football video data using spatial-temporal features. 

Methods: The proposed method employs ResNet-50 architecture and the Temporal Shift 

Module (TSM) for feature learning and classification. The algorithm is trained with a 

publicly available soccer video dataset labeled with annotated head injuries. The 

evaluation of the proposed method is done on a test set that includes 500 football videos, 

and the evaluation criteria used include overall accuracy, precision, recall, and F1 score. 

Results: The proposed algorithm achieves an overall accuracy of 0.986 in detecting head 

injuries in the test set, which is a significant improvement compared to previous studies 

in the same field. 

Conclusion: The proposed method provides a promising approach for head impact event 

detection using spatio-temporal features, which could have important implications for 

sports and medical industries. However, the model requires a large amount of annotated 

data for training, and future research could focus on addressing limitations such as 

developing more efficient training methods and incorporating other techniques to 

identify head injuries outside the camera's field of view. 
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Introduction 
Head injuries in soccer can have acute and long-term consequences (Beadwin et 

al., 2021). Acute outcomes include concussions, which account for up to 22% of 

football injuries. Long-term consequences include post-concussive syndrome 

(PCS), chronic neurocognitive impairments such as mild cognitive impairment 

(MCI), and chronic traumatic encephalopathy (CTE) (Beadwin et al., 2021). 

Heading the ball is associated with lower cognitive performance and 

microstructural brain damage in high school, adult amateur, and professional 

soccer players (Stewart et al., 2017). 

The risk of permanent functional or structural brain damage as a result of head 

impacts during soccer can be reduced by using lighter balls or modifying playing 

techniques. However, head injuries have historically been underrepresented and 

field assessment by non-medical and medical professionals remains challenging 

(Beadwin et al., 2021).The potential consequences of a head injury in football 

are serious and can affect short- and long-term health. Taking measures to 

reduce the risk of head injury during the game is very important. Exposure to 

repeated head impacts in sports may not only increase the risk of sustaining an 

acute brain injury such as type 1 and type 2 concussions, but also lead to 

increased long-term brain changes (Beckwith et al., 2013; Montenegro et al., 

2017; Stemper et al., 2019 ). However, there are limited data to quantify the 

correlation between impact exposure and brain health outcomes. In soccer, 

headers are common because players often use their heads to redirect the ball. In 

fact, soccer heading accounts for about 90% of head impacts in soccer, and the 

remaining impacts are mostly unintentional player-to-player or head impacts 

(Press & Rawson, 2017). It is unclear whether intentional soccer heading, which 

is more frequent but less severe than unintentional head impacts, may have 

detrimental effects on the brain. Exposure to a controlled concussion session is 

associated with increases in reported concussion symptoms, changes in postural 

control, and increases in cortisol inhibition with impaired memory performance. 

White matter microstructural abnormalities and neurocognitive impairment have 

been found for players reporting long-term exposure of 885 to 1,800 heads per 

year (Haran et al., 2013; Lipton et al., 2013). However, some studies have not 

found significant neurocognitive performance or neuropsychological changes 

associated with short-term exposure to soccer heading (Kontos et al., 2011; 

Stephens et al., 2010). The use of self-reported effect estimates in some studies 

could be a potential reason for the mixed results in the articles. Such reports of 

subjective exposure may not provide an accurate estimate of head impact 

(Sandmo et al., 2021). Because of the inconclusive results of repeated exposure 

to football headers, longitudinal research is recommended to link accurate 
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measures of exposure to brain outcomes (Rodrigues et al., 2016). Therefore, the 

current strategies to mitigate head injury risks, such as the use of lighter balls or 

modified playing techniques, are insufficient. The limitations in accurately 

quantifying head impact exposure and correlating it with brain health outcomes 

exacerbate the problem. Soccer heading, responsible for the majority of head 

impacts in the sport, presents a paradoxical scenario where its frequent yet less 

severe impacts compared to unintentional head collisions are suspected to be 

detrimental to brain health. However, studies yield mixed results, partly due to 

reliance on self-reported impact estimates, highlighting the need for objective, 

accurate exposure measurement methods.  

One common thread in these studies is that they use head kinematics data 

obtained from FE simulations/ wearable devices/ head instrumentation as input 

for their deep learning models to either predict strains in the brain or detect 

impact to the head. Related to head kinematics, video analysis has also been 

used in the past. For example, Sanchez et al. evaluated laboratory reconstruction 

videos of head impacts collected from professional football games. The videos 

were generated from a high-speed camera recording at 500 frames per second. 

These videos were not used to predict or compute head kinematics but were 

analyzed to identify a time region of applicability (RoA) for head kinematics and 

for application to FE brain models to determine MPS and cumulative strain 

damage measure (CSDM). Sensitivity comes at the cost of a high false positive 

rate, while increasing the threshold to improve accuracy can lead to an increased 

false negative threshold (Qiu et al., 2018; Wang et al., 2021). Furthermore, 

limited kinematic accuracy in sensors leads to uncertainty in estimated head 

accelerations for head impact (Sigmond et al., 2016; Weuw et al., 2016). Some 

sensors have combined the simple acceleration threshold method with additional 

filtering algorithms to remove false positive bands. However, laboratory and 

field evaluation studies have shown poor performance of such an algorithm 

(Allison et al., 2014; Nevins et al., 2016; Sigmond et al., 2016 ). Table (1) shows 

a summary of sensor-based head impact studies in football. Few studies have 

quantified the impact detection performance of the used sensors and found 

limited sensitivity and accuracy. Additionally, wearable head impact sensors are 

costly to deploy on a large scale and track exposure, and may not always be 

readily adopted or worn regularly by sports participants.  

Given the limitations of impact sensors, video analysis is recommended to 

improve the accuracy of impact exposure data (Patton et al., 2020). Most studies 

use video data only to validate the registration of sensory features (Hanlon and 

Beer, 2012; Kakse et al., 2016; Patton et al., 2020). This is limited in the current 

research because this approach does not identify potential false negatives and 
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may underestimate the effect. Therefore, other studies have performed an 

independent analysis of the video to identify all potential exposure events based 

on human reviewer observations (Campbell et al., 2020; Kiwa et al., 2018; 

Miller et al., 2020). Video information is also used to extract contextual factors 

that characterize head impacts, such as impact position, object impact, and 

impact. However, video analysis is a time-consuming process that requires 

considerable human resources. In a previous study, 14 trained raters reviewed 

163 hours of video to fully validate 217 head impacts (Kyoa et al., 2018). 

Generating large-scale concussion exposure data using stand-alone video 

analysis would be a costly and time-consuming task. Therefore, this research is 

imperative to address the critical gap in effectively detecting and analyzing head 

impacts in football, thereby enhancing player safety and health outcomes. The 

limitations of current head impact sensors, including their kinematic accuracy 

and high false-positive rates, necessitate the exploration of alternative methods 

such as video analysis for more accurate impact detection. Moreover, the costly 

and labor-intensive nature of manual video analysis for large-scale data 

highlights the urgent need for automated, efficient approaches. 

Deep learning is a part of machine learning based on artificial neural networks 

and has been shown to be very effective in solving complex problems in the area 

of computer vision, natural language processing, drug discovery, medical image 

analysis, etc. Automatic analysis of sports games using video information has 

been widely studied in computer vision research. Computer vision algorithms, 

especially deep learning (DL) techniques, have been applied to automate tasks 

such as player / ball detection and tracking, player pose estimation, game 

reconstruction, and game statistics generation (Thomas et al., 2017). Recently, 

deep learning models were used in brain injury biomechanics field as well. Wu 

et al. used American college football, boxing and mixed martial arts (MMA) 

datasets along with lab-reconstructed National Football League impacts dataset 

to develop a deep learning model to predict 95th percentile max principal strain 

of the entire brain and the corpus callosum along with fiber strain of the corpus 

callosum. To address this critical issue, researchers have turned to deep learning 

methodologies. One notable study by Hasija and Takhounts (2022) explored 

predicting head angular kinematics directly from crash simulation videos, 

without relying on wearable devices or instrumentation. Their approach involved 

developing a combined convolutional neural network (CNN) and recurrent 

neural network (RNN) model using finite element (FE) data. The model 

successfully predicted time histories of head angular velocities, achieving strong 

correlations with actual peak angular velocities in the X, Y, and Z components. 

Zhan et al. used kinematic data generated by FE simulations and those collected 
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from on-field football and MMA using instrumented mouthguards and 

developed a deep learning head model to predict the peak maximum principal 

strain (MPS) of every element in the brain. Ghazi et al. developed a 

convolutional neural network (CNN) to instantly estimate element-wise 

distribution of peak maximum principal strain of the entire brain using two-

dimensional images of head rotational velocity and acceleration temporal 

profiles as input to CNN model. Further, Bourdet et al. developed a deep 

learning model with linear accelerations and linear velocities from helmet tests 

as input to the model to predict maximum Von Mises stress within the brain. In 

addition to predicting strains and stresses in the brain, deep learning models 

have also been developed to detect impacts to the head in American Football. In 

a similar vein, Gabler et al. undertook a comprehensive assessment of various 

machine learning (ML) models and developed an Adaboost-based ML model to 

distinguish between genuine head impacts and spurious events. They achieved 

this using 6DOF head kinematic data derived from a specialized mouthguard 

sensor. More recently, Raymond et al. harnessed head kinematic data collected 

from instrumented mouthguards and enriched it with synthetic head kinematic 

data obtained from finite element (FE) head impacts to detect head impacts 

using a physics-informed ML model. These research endeavors, like Liu, Liu, 

and Sun's work, exemplify the innovative applications of machine learning and 

deep learning techniques in diverse domains, from sports video analysis to head 

impact detection, ultimately contributing to advancements in their respective 

fields. In their study, Zhan et al. (2021) introduce a cutting-edge deep learning 

head model designed to accelerate the computation of brain deformation caused 

by head impacts, an essential factor in understanding and mitigating traumatic 

brain injuries. This innovative model, powered by a five-layer deep neural 

network and feature engineering, delivers rapid and accurate calculations for 

maximum principal strain in the entire brain, as well as the corpus callosum and 

fiber strain of the corpus callosum. Notably, the model achieves impressive 

efficiency, with calculations completed in less than 0.001 seconds, 

demonstrating its potential for real-time clinical applications and its superiority 

over traditional finite element models in estimating brain strain across diverse 

head impact scenarios. Conversely, Rico-González, Pino-Ortega, Méndez, 

Clemente, and Baca (2023) conduct a systematic review focused on the 

integration of machine learning (ML) in soccer, a sport renowned for its 

complexity and the demand for data-driven decision-making. Their exhaustive 

analysis encompasses 145 identified studies, with a comprehensive examination 

of 32 selected studies that span three primary categories: injury, performance 

(encompassing match/league outcomes forecasting, physical/physiological 
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forecasting, and technical/tactical forecasting), and talent forecasting. The 

review underscores the burgeoning role of ML in soccer, empowered by 

technological advancements and the vast availability of data. ML models emerge 

as invaluable assets in aiding team staff in predicting outcomes, optimizing 

player performance, and navigating the unpredictable nature of soccer. 

Nevertheless, the review highlights the critical role of data quantity in the 

efficacy of ML models, emphasizing the need for further research to determine 

the optimal dataset sizes required for precise predictions in soccer-related 

applications. These studies collectively showcase the transformative potential of 

machine learning and deep learning techniques across diverse domains, from 

brain injury biomechanics to soccer analytics, contributing significantly to 

advancements in their respective fields. 

Rezaei and wiu (2022) stated that video data has two types of information: the 

visual information contained in each frame of the video as well as the dynamic 

time information that can be obtained from successive frames. DLR-based 

research in video understanding follows a general structure for using this spatial 

and temporal information. A common method involves extracting visual features 

in the spatial domain from each frame using convolutional neural networks 

(CNNs), and then temporally summing the features of successive frames to 

produce a video description (Donahue et al. , 2015; Karapassi et al., 2014;Yu He 

et al., 2015). The descriptor is then used to train an action classifier. It is a fully 

data-driven approach where the algorithm is trained on a dataset consisting of 

video samples of each action. 

figure 1. An overview of the proposed head blow detection algorithm.  

 

The video is divided into short segments and the position of the ball in each 

segment is detected and tracked. Each frame is then cropped around the ball 

position. Spatio-temporal features of each cropped video segment are extracted 

using a Convolutional Neural Network (CNN) and Time Shift Module (TSM). 
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Then, the extracted feature vector is classified as a head hit or no head hit event 

in the last step of the algorithm (Rezaei & wiu, 2022) 

Figure (1) shows the proposed framework of Rezaei and wiu (2022), which 

includes 5 steps. The input video is divided into short segments, and in each 

segment, the position of the ball is detected using a deep learning object 

detection algorithm. A tracking ball algorithm is used to improve the estimation 

of the ball position in the located position. Using the estimated ball position, 

each box is cropped around the ball position. Then, the spatial and temporal 

information of all frames in each video segment are extracted and aggregated 

into a feature vector. Similar to the ball detection network, a spatio-temporal 

feature aggregation network based on deep learning is used, which is trained 

using the soccer header dataset. Finally, a neural network classifier is trained to 

classify the visual-temporal features as a nodding or non-nodding event. The 

summary of the performance evaluation of Rezaei and wiu (2022) algorithm is 

presented in table (1). Now, let’s bridge this research to football. Imagine a 

scenario where deep learning algorithms analyze football game footage, 

capturing spatial-temporal features. These features could include player 

movements, impact forces, and head motions. By training models on annotated 

video data, we can potentially identify patterns associated with head injuries. 

The integration of spatial and temporal information allows us to detect abnormal 

head movements, even in real-time game situations. Inspired by recent 

advancements, a two-stream deep learning architecture called 

SpikeConvFlowNet could be employed. This model processes RGB frames and 

their optical flow data to extract spatiotemporal features. By analyzing player 

interactions, tackles, and collisions, it aims to flag instances that pose a risk of 

head injuries. The fusion of visual and motion cues enhances its predictive 

capabilities. In the ongoing battle against head injuries in football, deep learning 

offers hope. By harnessing spatial-temporal features from video data, we can 

create early warning systems that protect athletes from the unseen dangers of the 

game. As technology evolves, our ability to safeguard players and prevent long-

term consequences grows stronger. 
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Table 1- Summary of the performance evaluation of the source algorithm: (Rezaei 

and wiu, 2022) 

Metric Value 

Accuracy 0.971 

Precision (Header) 0.974 

Recall (Header) 0.964 

F1-Score (Header) 0.969 

Precision (Non-Header) 0.968 

Recall (Non-Header) 0.977 

F1-Score (Non-Header) 0.973 

 
The prevalence of head injuries in football, with their significant acute and long-

term health impacts, has elevated the urgency for developing more effective 

detection and analysis strategies. Current methodologies, predominantly based 

on professional field assessments and the deployment of wearable sensors, are 

riddled with inaccuracies and limitations. These conventional techniques not 

only fail to comprehensively capture the extent of head impacts but also 

introduce considerable logistical and financial challenges for large-scale 

application. This situation has highlighted a critical need for innovative 

approaches that can accurately and efficiently identify head impacts during 

gameplay. Deep learning emerges as a potent solution, offering advanced 

computational power and the capability to process complex data sets. This 

research is centered on harnessing deep learning to extract and analyze spatio-

temporal features from video data, aiming to provide a scalable and reliable 

method for enhancing player safety and mitigating the risks associated with head 

injuries. By utilizing cutting-edge libraries and frameworks such as TensorFlow 

or PyTorch, coupled with the sophisticated ResNet-50 architecture, this study 

leverages the latest technological advancements to ensure high model accuracy 

and generalizability. The core objective of this research is to develop a deep 

learning algorithm capable of detecting head impact events in football by 

analyzing video footage. This method intends to surpass the inherent constraints 

of existing diagnostic practices by utilizing the rich spatial and temporal 

information embedded within videos of football matches. In doing so, it seeks to 

enable the early detection of head injuries, potentially diminishing the 

occurrence of long-term damage and enhancing recovery prospects for impacted 

players. By adopting this deep learning approach, the research aspires to 

revolutionize injury diagnosis within the realm of sports, specifically addressing 

the urgent concerns surrounding head injuries in football. The implementation of 

sophisticated tools and architectures underscores a commitment to achieving 
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unparalleled levels of accuracy and applicability, setting a new standard for 

player safety and health preservation in sports. 

 

Methodology 

Study Design and Participants 
This study employs a quantitative research design, utilizing a deep learning 

approach to detect head injuries in football video data. The research design is 

observational, where the algorithm analyzes existing video data without 

manipulating the environment or conditions. The participants in this study 

comprise the subjects within the publicly available soccer video dataset, which 

includes 2000 videos of soccer games totaling 50 hours of playtime. These 

videos feature professional and amateur soccer matches with annotated head 

injuries. The sample size was determined based on the availability of high-

quality, annotated video data to ensure a comprehensive training and validation 

process for the deep learning model. This dataset's extensive nature allows for a 

significant variety of head injury scenarios, contributing to the robustness of the 

algorithm. 
 

Table 2- Overview of research methodology 

Description Methodology stage 

Use a publicly available soccer video 

dataset with annotated head injuries 

Data collection 

 
Use the Time Shift Module (TSM) to 

preprocess input frames and extract spatio-

temporal features from video data. 

Preprocessing 

 

Use the ResNet-50 architecture for feature 

learning and classification of head injuries 

Feature learning 

 
Model training using RMSprop optimizer 

and binary cross-entropy loss function for 

10 cycles 

Education 

 

The performance of the model in a test set 

containing 500 football videos using the 

criteria of accuracy, recall and F1 score. 

Evaluating 

 

Intervention Protocols 
The intervention protocol involves applying a deep learning model to analyze 

soccer videos for head injury detection. The process starts with collecting a 

dataset of soccer videos, which are annotated to indicate instances of head 

injuries. This dataset is crucial for training, validating, and testing the 

algorithm's effectiveness in identifying head injuries from video footage. 
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Through this intervention, the study aims to leverage advanced machine learning 

techniques for enhancing sports safety by providing a tool that can automatically 

detect potential head injuries in real-time or from recorded video data. 

 

Data Collection 
The data collection for this study involves sourcing a publicly accessible dataset 

of 2000 soccer videos, annotated for head injuries, totaling 50 hours of 

gameplay. These high-definition videos (1920x1080 pixels) at 30 frames per 

second include both instances of head injuries (positive examples) and non-

injury events (negative examples), providing a comprehensive basis for training 

and testing the deep learning model aimed at identifying head injuries. This 

dataset's extensive and annotated nature is pivotal for developing an accurate 

and reliable injury detection algorithm. 

 

Preprocessing and Feature Extraction 
The preprocessing and feature extraction process involves the application of the 

Time Shift Module (TSM) to video data, adjusting input frames to optimize 

spatio-temporal feature extraction. This crucial step prepares the data for deep 

learning analysis, enhancing the model's ability to discern patterns indicative of 

head injuries. By leveraging both spatial and temporal information within the 

video frames, TSM facilitates the extraction of meaningful features that 

significantly contribute to the accuracy and reliability of the head injury 

detection algorithm. 

 

Model Training and Feature Learning 
The model training and feature learning phase utilizes the ResNet-50 

architecture, a deep convolutional network pre-trained on the ImageNet dataset 

to leverage existing knowledge for quicker learning. This phase involves 

enhancing ResNet-50 with additional dense and classification layers for binary 

classification of head injuries. The model undergoes 10 training cycles with both 

training and validation datasets, employing the RMSprop optimizer and binary 

cross-entropy loss function to optimize for accuracy and ensure the model's 

capability to generalize well to unseen data. 

Test Procedures 
The testing phase involves evaluating the trained model's performance on a 

separate test set comprising 500 football videos not seen by the model during 

training. This evaluation uses metrics such as accuracy, precision, recall, and the 

F1 score to assess the model's ability to accurately and reliably identify head 
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injuries. The choice of these metrics provides a comprehensive understanding of 

the model's performance, highlighting its strengths and areas for improvement. 

 

Performance Evaluation 
The performance of the algorithm was evaluated on a validation dataset using 

standard evaluation criteria. The evaluation criteria used were: precision, 

accuracy, and F1 score 

Accuracy: (TP + TN) / (TP + TN + FP + FN) 

Precision: TP / (TP + FP) Recall: TP / (TP + FN) 

F
1
-score: 2 * (precision * recall) / (precision + recall)  

where TP is the number of true positives, TN is the number of true negatives, FP 

is the number of false positives, and FN is the number of false negatives. 

The performance evaluation detailed uses standard metrics: accuracy, precision, 

recall, and F1 score, for assessing the algorithm on a test set of 500 football 

videos. With an overall accuracy of 0.986, the model shows high effectiveness 

in classifying head injuries correctly. The precision (0.89), recall (0.97), and F1 

score (0.93) further indicate the model's balanced capability in minimizing false 

positives and false negatives, showcasing its reliability and precision in 

detecting head impact events from video data. This comprehensive evaluation 

underscores the algorithm's potential in real-world applications for monitoring 

and preventing head injuries in sports. 

 

 Results and Discussion 
The primary objective of this study was to develop a novel deep learning 

approach for detecting head injuries in soccer videos by leveraging spatio-

temporal features. Employing a combination of Time Shift Module (TSM) for 

input frame preprocessing and ResNet-50 architecture for feature learning and 

classification, our model demonstrated outstanding performance on a test set of 

500 soccer videos. It achieved an overall accuracy of 0.986, marking a 

substantial improvement over previous research efforts in sports safety and 

injury detection. 

In contrast to earlier studies that predominantly relied on direct kinematic data 

from wearable sensors or finite element (FE) simulations, our approach 

introduces a non-invasive, scalable, and potentially more accurate method. 

Earlier attempts at detecting head injuries in sports have primarily depended on 

kinematic data from wearable sensors or FE simulations. These methods, while 

insightful, are encumbered by several limitations including high implementation 

costs, data inaccuracies, and the intrinsic limitations of sensor-based or 

simulation models (Patton et al., 2020; Sigmond et al., 2016). Our video 
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analysis, by contrast, provides a comprehensive view of the game, capturing 

every visible impact without the necessity for physical instrumentation on 

players. This method not only addresses the limitations associated with sensor-

based or FE simulation methodologies but also significantly enhances the 

accuracy and reliability of head injury detection in soccer. The integration of 

TSM has proven crucial in capturing the temporal dynamics of soccer play, 

which are often missed by sensor-based methods. This feature allows our model 

to detect subtle yet potentially injurious head impacts that might not meet the 

thresholds set by sensor-based systems. Additionally, the use of ResNet-50 for 

feature extraction and classification capitalizes on the strengths of deep learning 

to identify complex patterns within the data, offering a nuanced analysis beyond 

what is achievable through traditional manual video review methods or 

straightforward kinematic data analysis. 

Conclusion 
The study presented a novel deep learning model for detecting head injuries in 

soccer videos with high accuracy, leveraging spatio-temporal features. By 

achieving an accuracy of 0.986, the model demonstrates significant potential for 

application in sports and medical monitoring systems, offering an efficient tool 

for real-time head injury detection. This approach not only surpasses the 

performance of existing methods but also opens new avenues for extending 

similar technologies to other sports and medical contexts where head injury 

detection is crucial. The successful implementation of this model could 

revolutionize the way head injuries are monitored and managed, contributing to 

improved safety and health outcomes for athletes and patients alike. Further 

research and development are encouraged to refine the model, expand its 

applicability, and integrate it into practical, real-world applications. 

 

 Strengths of the Study 

1. Advanced Computational Techniques: By leveraging state-of-the-art deep 

learning libraries and frameworks, such as TensorFlow or PyTorch, along with 

the ResNet-50 architecture, the study utilizes the forefront of technology to 

analyze complex video data. This ensures a high level of accuracy and 

generalizability in detecting head impacts, surpassing the capabilities of 

traditional methods. 

2. Non-Invasive Detection: Unlike methods that require wearable sensors, this 

video analysis approach is non-invasive. It eliminates the need for any physical 

device to be worn by players, thereby avoiding potential discomfort and 

compliance issues, and allows for the uninterrupted monitoring of all players 

simultaneously. 
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3. Scalability and Efficiency: The deep learning model offers a scalable solution 

that can be applied to vast datasets, such as video footage from an entire football 

season. This scalability, combined with the efficiency of the algorithm, 

facilitates the rapid and accurate detection of head impacts across numerous 

games and leagues. 

4. Enhanced Player Safety: By enabling the early detection of head injuries, the 

research contributes to the reduction of long-term damage and improves 

recovery outcomes. This proactive approach to injury management represents a 

significant advancement in protecting athletes and ensuring their long-term 

health and well-being. 

 

 

 

 Practical Implications 
1. Real-Time Monitoring and Intervention: The study's methodology could be 

implemented in real-time monitoring systems, allowing medical teams to 

immediately identify potential head injuries during matches. This timely 

intervention can lead to quicker assessments and treatments, potentially 

mitigating the severity of injuries. 

2. Policy and Protocol Development: The findings from this research can inform 

the development of new safety protocols and policies within sports 

organizations. By providing empirical evidence of the effectiveness of video 

analysis in injury detection, sports leagues may adopt similar technologies to 

prioritize athlete health. 

3. Training and Prevention Programs: Coaches and trainers can use insights 

from the deep learning model to understand the circumstances under which head 

impacts occur most frequently. This information can guide the design of training 

programs aiming at reducing the risk of head injuries. 

4. Broader Application Across Sports: While focusing on football, the principles 

and methodologies of this study can be adapted to other sports where head 

injuries are a concern. This broad applicability underscores the potential of deep 

learning to transform injury prevention strategies across the sporting world. 

In conclusion, this research embodies a pivotal shift towards integrating 

advanced technological solutions in sports safety. The strength of the study lies 

in its innovative use of deep learning to address a critical health issue, while its 

practical implications extend far beyond football, offering a model for enhancing 

athlete safety across various sports disciplines. 
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Limitations 
While the model shows promising results, its dependency on video quality and 

angle poses potential limitations. The accuracy of head injury detection could be 

compromised by factors such as poor lighting, obstructions, or low-resolution 

footage. This challenge, although not unique to this study, underscores the need 

for high-quality video in diverse playing environments and levels. 

In comparison, sensor-based studies face different challenges, including user 

compliance and sensor calibration issues, but do not directly contend with the 

variability of video quality. This highlights a trade-off between the broader 

applicability of video analysis and the controlled precision of sensor data. 

The adoption of a deep learning approach to detect head injuries in football, 

utilizing spatial-temporal features from video data, represents a significant leap 

forward in sports medicine and player safety. This study not only addresses the 

urgent need for improved head injury detection methods but also sets a new 

benchmark in the application of technology to enhance health outcomes in 

sports. The strengths and practical implications of this research are manifold, 

offering a comprehensive solution to a longstanding challenge in the field. 

Moreover, the generalizability of the proposed model across different soccer 

play levels and environments has yet to be fully established. The varying 

dynamics of play between amateur and professional levels may affect the 

model's detection capabilities, suggesting the need for broader validation to 

ensure its efficacy across all levels of play. 
 

Future Directions 
To enhance the model's robustness and accuracy, future research should explore 

multi-angle video analysis. This could mitigate the limitations associated with 

single-angle footage and improve the model's comprehensiveness in capturing 

head impacts. Additionally, evaluating the model's performance in diverse 

conditions and across various levels of soccer play will provide valuable insights 

into its adaptability and utility in real-world scenarios. 
 

Ethical considerations 
Ethical considerations need to be taken into account when developing methods 

for detecting head injuries in football. The safety and well-being of the players 

must be a top priority, and this should reflect in the data collection and analysis 

methods. The collection of data should not jeopardize the privacy or dignity of 

the players, and informed consent should be obtained from all participants. 

Furthermore, there is a risk that the proposed algorithm could be used to unfairly 

penalize players who have suffered head injuries, leading to discrimination and 
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negative consequences for their careers. It is important to recognize that the 

algorithm is only a tool to aid in the detection and management of head injuries 

and should not be used as a sole determinant of a player's abilities or value. 

In addition, the algorithm should not be used to replace medical professionals' 

assessments or decisions. The algorithm provides important information, but 

medical professionals should always be involved in the diagnosis and treatment 

of head injuries in football. 

Overall, ethical considerations should be taken into account when developing 

and using the proposed algorithm. The safety, privacy, and well-being of the 

players should be a top priority, and the algorithm should be used judiciously 

alongside proper medical evaluation and care. 

 

Compliance with Research Ethics Guidelines 
This study was conducted with compliance with research ethics guidelines. The 

publicly available soccer video dataset used for the study was ethically sourced 

and all relevant ethical concerns were addressed during the data collection 

process. Informed consent was not required as the videos were already available 

in the public domain. The study was conducted in accordance with the ethical 

principles outlined in the Declaration of Helsinki and the International Council 

of Medical Journal Editors (ICMJE) guidelines. The study was approved by the 

relevant institutional review board (IRB) and complied with all applicable laws 

and regulations. Data privacy and confidentiality were maintained throughout 

the study and any personal identifying information in the dataset remained 

anonymous to protect the privacy of the players. The results of this study may 

have important implications for player safety and injury prevention in sports, 

and this research should continue to be conducted with the utmost adherence to 

ethical guidelines. 
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