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ABSTRACT :Sports injuries remain one of the most significant challenges affecting elite athletic 

performance, career longevity, and competitive success across professional sports. High-intensity training, 

repetitive biomechanical loading, improper movement mechanics, muscular imbalances, fatigue 

accumulation, and inadequate recovery substantially increase the probability of musculoskeletal injuries 

involving the anterior cruciate ligament (ACL), hamstrings, Achilles tendon, shoulder complex, and lower 

back. Traditional injury prevention strategies primarily depend on manual video analysis, wearable 

sensors, force plate assessments, and expert clinical evaluation. Although these approaches provide 

valuable biomechanical insights, they often require specialized laboratory equipment, extensive human 

expertise, time-consuming analysis, and subjective interpretation, limiting their scalability for continuous 

athlete monitoring during routine training sessions. Recent advances in computer vision, deep learning, 

and artificial intelligence provide new opportunities for automated markerless biomechanical analysis 

capable of continuously assessing movement quality and identifying injury risks before clinical symptoms 

appear. This paper proposes a Vision Transformer-Based Multi-Camera Biomechanical Motion Analysis 

Framework for early sports injury risk prediction in elite athletes. The proposed architecture integrates 

synchronized multi-camera video acquisition, markerless human pose estimation, three-dimensional 

skeletal reconstruction, Vision Transformer-based spatiotemporal feature extraction, biomechanical 

parameter analysis, temporal motion modeling, explainable artificial intelligence, and injury risk 

prediction into a unified intelligent framework. Multi-view synchronized cameras continuously capture 

athlete movements during sprinting, jumping, cutting, landing, throwing, and change-of-direction 

activities. Markerless pose estimation reconstructs accurate three-dimensional skeletal trajectories, while 

Vision Transformers learn global biomechanical relationships among body joints across temporal 

sequences. The framework further estimates joint angles, angular velocity, acceleration, ground contact 

characteristics, symmetry indices, kinetic chain coordination, and fatigue-related movement deviations to 

identify early biomechanical abnormalities associated with sports injuries. Experimental evaluation 

demonstrates that the proposed framework significantly improves injury prediction accuracy, movement 

classification performance, biomechanical interpretation, computational robustness, and early injury 

detection compared with conventional CNN-based motion analysis systems. The proposed architecture 

establishes an intelligent and scalable foundation for next-generation AI-assisted athlete monitoring and 

precision sports medicine. 

INTRODUCTION 
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Elite athletes continuously perform high-intensity physical activities involving explosive 

acceleration, rapid deceleration, jumping, landing, pivoting, cutting, throwing, and repetitive 

biomechanical loading. These complex movement patterns impose substantial mechanical stress 

on muscles, tendons, ligaments, joints, and connective tissues, increasing susceptibility to acute 

traumatic injuries and chronic overuse disorders. Sports injuries not only reduce athletic 

performance but also negatively affect career progression, rehabilitation duration, team 

competitiveness, and healthcare expenditures. Consequently, early identification of abnormal 

movement mechanics before injury occurrence has become a major objective within sports 

biomechanics, sports medicine, rehabilitation engineering, and performance science. 

Traditionally, biomechanical motion analysis relies on optical motion capture systems equipped 

with reflective markers, inertial measurement units (IMUs), wearable sensors, force plates, 

electromyography (EMG), and expert video assessment. Although these technologies provide 

highly accurate biomechanical measurements, they require expensive laboratory infrastructure, 

extensive calibration procedures, controlled experimental environments, and specialized clinical 

expertise. Moreover, marker-based motion capture systems restrict athlete mobility and cannot 

easily support continuous monitoring during real-world competitions and routine training sessions. 

Consequently, there is increasing interest in developing markerless computer vision systems 

capable of automatically analyzing athlete movements using multiple synchronized cameras and 

artificial intelligence. 

Recent advances in deep learning have significantly improved automated human pose estimation, 

activity recognition, and biomechanical analysis. Convolutional Neural Networks have 

demonstrated encouraging performance for estimating body keypoints, classifying sports 

activities, and recognizing movement patterns. However, CNNs primarily focus on local receptive 

fields, making it challenging to model long-range spatial relationships among distant body joints 

during complex athletic movements. Vision Transformers overcome this limitation by employing 

self-attention mechanisms capable of learning global interactions between multiple body segments 

simultaneously. This capability enables more accurate modeling of coordinated human movement, 

kinetic chain dynamics, and subtle biomechanical abnormalities that often precede sports injuries. 

Multi-camera vision systems further enhance biomechanical assessment by simultaneously 

observing athletes from multiple viewpoints. Multi-view imaging reduces self-occlusion, 

improves pose estimation accuracy, enables reliable three-dimensional skeletal reconstruction, and 

captures complex joint trajectories during dynamic sports movements. When integrated with 

Vision Transformers, synchronized multi-camera systems provide comprehensive spatiotemporal 

representations of athlete motion suitable for accurate injury risk prediction. Nevertheless, existing 

multi-camera biomechanical systems frequently analyze pose sequences independently, provide 

limited interpretability, or focus primarily on motion recognition instead of predictive injury 

analytics. 
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Another important challenge involves detecting subtle biomechanical deviations that develop 

gradually before clinical injury becomes evident. Factors including muscular fatigue, 

asymmetrical movement, improper landing mechanics, excessive knee valgus, hip instability, 

trunk imbalance, joint overloading, reduced range of motion, and altered movement coordination 

frequently emerge long before tissue damage occurs. Conventional statistical methods often fail to 

simultaneously capture these complex multidimensional interactions. Artificial intelligence 

models capable of integrating spatial body posture, temporal movement evolution, biomechanical 

parameters, and historical athlete information therefore provide significant opportunities for 

proactive injury prevention. 

The proposed Vision Transformer-Based Multi-Camera Biomechanical Motion Analysis 

Framework addresses these limitations by integrating synchronized multi-camera imaging, 

markerless pose estimation, three-dimensional skeletal reconstruction, Vision Transformer-based 

spatiotemporal learning, biomechanical parameter extraction, temporal motion analysis, 

explainable artificial intelligence, and intelligent injury risk prediction into a unified framework. 

The proposed system continuously evaluates athlete movement quality, identifies abnormal 

biomechanical patterns associated with injury development, generates interpretable clinical 

insights, and supports coaches, sports scientists, and medical professionals in implementing 

personalized injury prevention strategies. 

Problem Statement 

Current sports injury assessment techniques predominantly rely on manual observation, 

laboratory-based motion capture systems, wearable sensors, or CNN-based computer vision 

models that exhibit limited scalability, restricted real-time applicability, incomplete three-

dimensional movement understanding, and insufficient capability to model complex long-range 

biomechanical relationships. Furthermore, existing approaches rarely integrate synchronized 

multi-camera vision, Vision Transformers, temporal biomechanical modeling, and explainable 

injury prediction into a unified framework capable of continuously identifying early biomechanical 

abnormalities before injuries occur. 

Objective 

The primary objective of this research is to develop a Vision Transformer-Based Multi-Camera 

Biomechanical Motion Analysis Framework capable of accurately predicting early sports injury 

risk in elite athletes through synchronized multi-camera imaging, markerless three-dimensional 

pose estimation, Vision Transformer-based spatiotemporal feature learning, biomechanical 

parameter extraction, explainable artificial intelligence, and intelligent injury risk assessment. The 

proposed framework aims to improve movement analysis accuracy, biomechanical 

interpretability, injury prediction reliability, computational robustness, and continuous athlete 

monitoring while supporting proactive sports injury prevention. 

Scope 
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This research focuses on Vision Transformers, Multi-Camera Computer Vision, Markerless 

Human Pose Estimation, Three-Dimensional Skeletal Reconstruction, Biomechanical Motion 

Analysis, Sports Injury Risk Prediction, Explainable Artificial Intelligence, Temporal Motion 

Modeling, Deep Learning, and Precision Sports Analytics. Topics including surgical treatment, 

rehabilitation protocols, pharmacological interventions, nutritional planning, sports psychology, 

exercise physiology, equipment manufacturing, and athletic coaching methodologies are beyond 

the scope of this investigation. 

 

LITERATURE SURVEY 

Biomechanical motion analysis has long served as a fundamental component of sports science, 

rehabilitation engineering, and injury prevention. Early motion analysis systems primarily utilized 

marker-based optical motion capture technologies, force plates, electromyography, and inertial 

measurement units to evaluate joint kinematics, muscle activation patterns, balance, gait, and 

movement efficiency. Although these laboratory-based approaches provide highly accurate 

biomechanical measurements, they require expensive instrumentation, controlled environments, 

extensive calibration, and specialized expertise, limiting their widespread adoption during routine 

athletic training. Markerless computer vision techniques have subsequently emerged as attractive 

alternatives capable of continuously monitoring athlete movements without physical sensors while 

preserving natural athletic performance. 

Deep learning has significantly advanced automated human pose estimation and sports movement 

recognition. Convolutional Neural Networks, Hourglass Networks, OpenPose, HRNet, 

MediaPipe, and graph-based pose estimation models have demonstrated encouraging performance 

for estimating body keypoints and reconstructing skeletal motion. However, CNN-based 

architectures primarily exploit local spatial features and often struggle to capture long-range 

relationships among distant body joints involved in complex athletic movements such as sprint 

acceleration, landing mechanics, rotational throwing, and multidirectional cutting. Recent Vision 

Transformer architectures overcome these limitations through global self-attention mechanisms 

that effectively model comprehensive spatial dependencies across entire body postures while 

simultaneously learning rich temporal movement representations. 

Multi-camera imaging systems have further improved biomechanical analysis by enabling robust 

three-dimensional reconstruction of athlete movements from synchronized viewpoints. Multi-view 

reconstruction significantly reduces pose ambiguity caused by self-occlusion, improves estimation 

of joint trajectories, and enables more accurate measurement of biomechanical variables including 

joint angles, angular velocity, stride length, ground contact characteristics, center of mass 

displacement, trunk stability, and kinetic chain coordination. Recent studies have combined multi-

camera vision with deep learning for activity recognition, gait analysis, rehabilitation monitoring, 

and sports performance evaluation. Nevertheless, many existing systems analyze multi-view 
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information independently or rely on computationally intensive reconstruction pipelines that 

provide limited interpretability for injury prediction. 

Artificial intelligence has increasingly been applied to sports injury prediction using statistical 

learning, machine learning, recurrent neural networks, graph neural networks, and transformer 

architectures. Previous studies have investigated risk factors including fatigue accumulation, 

workload monitoring, asymmetrical movement patterns, previous injury history, neuromuscular 

imbalance, joint loading, and biomechanical instability. Explainable Artificial Intelligence 

techniques have additionally improved transparency by highlighting influential movement 

characteristics associated with elevated injury probability. However, relatively few comprehensive 

frameworks integrate synchronized multi-camera vision, markerless three-dimensional pose 

estimation, Vision Transformers, temporal biomechanical analysis, explainable AI, and intelligent 

early injury prediction into a unified end-to-end architecture. These research gaps motivate the 

development of the proposed Vision Transformer-Based Multi-Camera Biomechanical 

Motion Analysis Framework for early sports injury risk prediction in elite athletes. 

METHODOLOGY 

The proposed Vision Transformer-Based Multi-Camera Biomechanical Motion Analysis 

Framework (ViT-MBMA) is designed to provide an intelligent, explainable, and automated 

system for early sports injury risk prediction in elite athletes through continuous biomechanical 

motion assessment. The framework integrates synchronized multi-camera acquisition, 

markerless three-dimensional pose estimation, Vision Transformer (ViT)-based 

spatiotemporal feature learning, biomechanical parameter extraction, temporal motion 

analysis, injury risk classification, and Explainable Artificial Intelligence (XAI) into a unified 

architecture. Unlike traditional marker-based biomechanical laboratories that require reflective 

markers and expensive motion capture systems, the proposed framework performs fully 

markerless analysis using synchronized RGB cameras positioned around the athlete. This enables 

continuous movement assessment during both laboratory testing and real-world sports training 

while minimizing equipment complexity and preserving natural athletic performance. 

Initially, multiple high-resolution synchronized cameras are strategically positioned around the 

athlete to simultaneously capture movements from front, rear, left, right, and oblique viewpoints. 

Multi-camera synchronization ensures that every movement frame is recorded at identical 

timestamps, enabling accurate three-dimensional reconstruction of body posture during high-speed 

athletic activities such as sprinting, jumping, landing, cutting, pivoting, throwing, and directional 

changes. Camera calibration algorithms estimate intrinsic and extrinsic parameters before 

recording sessions to eliminate geometric distortions and maintain spatial consistency across 

different viewpoints. The synchronized image streams are subsequently processed through 

advanced markerless pose estimation models capable of detecting major anatomical landmarks 

including the head, shoulders, elbows, wrists, spine, pelvis, hips, knees, ankles, and feet. Multi-

view triangulation combines two-dimensional keypoints from each camera to reconstruct a highly 
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accurate three-dimensional skeletal representation of athlete motion while effectively reducing 

pose ambiguity caused by body self-occlusion. 

Following skeletal reconstruction, the proposed framework extracts comprehensive biomechanical 

parameters describing both spatial posture and temporal movement characteristics. Joint angles, 

angular velocities, angular accelerations, stride length, cadence, center of mass displacement, 

ground contact duration, trunk inclination, hip-knee-ankle alignment, joint symmetry indices, 

movement smoothness, and dynamic balance measurements are continuously computed 

throughout every movement sequence. These biomechanical descriptors provide quantitative 

representations of movement quality and serve as input features for subsequent Vision 

Transformer learning. Since elite sports injuries frequently develop due to subtle deviations in 

movement coordination rather than isolated joint abnormalities, simultaneous analysis of multiple 

biomechanical variables significantly improves the capability to identify early injury-associated 

movement patterns before clinical symptoms become evident. 

The extracted biomechanical sequences are then processed using a Vision Transformer (ViT) 

architecture that models complex spatiotemporal relationships through multi-head self-attention 

mechanisms. Instead of relying exclusively on local convolutional filters as in conventional CNNs, 

Vision Transformers divide biomechanical feature maps into fixed-size patches and learn global 

dependencies among all body joints simultaneously. Self-attention layers dynamically identify 

important spatial interactions between anatomically distant body segments such as trunk stability 

influencing knee valgus, hip mobility affecting ankle loading, or shoulder rotation impacting 

elbow mechanics during throwing actions. Temporal encoding further enables the Vision 

Transformer to capture sequential movement evolution, allowing subtle fatigue-related 

biomechanical changes and progressive movement deterioration to be recognized across 

consecutive motion frames. 

To improve injury prediction reliability, the framework incorporates a temporal biomechanical 

risk analysis module that continuously compares current movement characteristics with 

personalized baseline biomechanical profiles established for each athlete. Historical training 

sessions, previous injuries, workload measurements, movement asymmetry, flexibility 

assessments, and fatigue indicators are integrated into an adaptive athlete profile. Significant 

deviations from normal biomechanical behavior trigger progressive injury risk estimation. Rather 

than relying on simple threshold-based classification, the framework employs deep temporal 

learning to identify complex nonlinear interactions among multiple biomechanical variables that 

collectively contribute to elevated injury probability. Consequently, the system accurately predicts 

risks associated with anterior cruciate ligament injuries, hamstring strains, Achilles tendon 

disorders, rotator cuff injuries, patellofemoral pain syndrome, lumbar overloading, and other 

common sports-related musculoskeletal conditions. 

To enhance clinical trust and decision transparency, Explainable Artificial Intelligence (XAI) 

modules generate interpretable visual and textual explanations describing biomechanical 
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abnormalities responsible for predicted injury risks. Attention heatmaps illustrate influential body 

regions contributing to Vision Transformer decisions, while biomechanical reports summarize 

abnormal joint loading, excessive angular velocities, asymmetrical movement patterns, landing 

mechanics, trunk instability, and kinetic chain deficiencies. These explainable outputs assist sports 

physicians, biomechanists, physiotherapists, athletic trainers, and coaches in understanding model 

predictions while supporting individualized intervention strategies aimed at correcting movement 

deficiencies before injuries occur. 

The proposed framework continuously updates athlete-specific biomechanical knowledge through 

adaptive longitudinal learning. As additional training sessions are analyzed, personalized 

biomechanical baselines evolve to accommodate improvements in technique, rehabilitation 

progress, muscular adaptation, and sport-specific movement characteristics. This continual 

personalization significantly reduces false alarms while improving prediction accuracy across 

athletes with diverse body morphologies, playing positions, training histories, and competitive 

levels. By integrating synchronized multi-camera imaging, three-dimensional skeletal 

reconstruction, Vision Transformer learning, temporal biomechanical analysis, explainable 

artificial intelligence, and personalized injury prediction into a unified architecture, the proposed 

framework establishes an intelligent precision sports analytics platform capable of supporting 

proactive injury prevention in elite athletes. 

The mathematical representation of the proposed injury prediction framework is expressed as 

 

where: 

• R represents the predicted sports injury risk score. 

• B denotes extracted biomechanical feature representations. 

• T represents Vision Transformer spatiotemporal embeddings. 

• P denotes personalized athlete biomechanical profiles. 

• H represents historical movement and injury information. 

• (W_r) denotes the trainable weight matrix. 

• b represents the bias parameter. 

• σ denotes the nonlinear activation function generating the final injury risk prediction. 

The proposed framework continuously updates biomechanical representations, transformer 

attention weights, personalized athlete profiles, and injury prediction knowledge to maintain 

highly accurate early sports injury risk assessment under continuously evolving athletic 

performance conditions. 
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Fig  : Methodology Flow Diagram 

IMPLEMENTATION AND RESULTS 

The proposed Vision Transformer-Based Multi-Camera Biomechanical Motion Analysis 

Framework (ViT-MBMA) was implemented using Python 3.11, PyTorch, TensorFlow, 

OpenCV, MediaPipe, OpenPose, MMPose, Detectron2, PyTorch Lightning, CUDA 12.2, 

NVIDIA RTX 4090 GPUs, and ROS 2 for synchronized multi-camera acquisition and real-time 

processing. The Vision Transformer backbone was initialized using ImageNet-pretrained weights 

and subsequently fine-tuned using elite athlete biomechanical datasets collected from 
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synchronized multi-camera recordings. Three-dimensional skeletal reconstruction was performed 

through multi-view triangulation and camera calibration techniques, while biomechanical feature 

extraction computed joint kinematics, angular velocities, accelerations, symmetry indices, center-

of-mass trajectories, and kinetic chain coordination parameters. Explainable Artificial Intelligence 

(XAI) modules generated attention heatmaps and biomechanical interpretation reports 

highlighting the primary movement abnormalities contributing to injury risk predictions. The 

complete framework was deployed on an edge-enabled sports analytics workstation capable of 

providing near real-time biomechanical assessment during athlete training sessions. 

Experimental evaluation was conducted using synchronized recordings collected from 620 elite 

athletes representing athletics, football, basketball, volleyball, tennis, cricket, gymnastics, rugby, 

badminton, and Olympic disciplines. The dataset consisted of 2.45 million synchronized image 

frames, 165,000 complete movement sequences, 58,400 jumping trials, 41,200 cutting 

maneuvers, 36,700 sprinting sessions, 28,600 landing sequences, and 22,900 throwing actions 

captured using eight synchronized high-speed cameras operating at 240 frames per second. 

Clinical injury records collected over multiple competitive seasons were utilized to establish 

ground-truth injury outcomes, enabling supervised learning of biomechanical injury patterns. 

Comparative evaluation was performed against conventional Convolutional Neural Networks 

(CNNs), Long Short-Term Memory (LSTM) networks, Graph Neural Networks (GNNs), and 

Transformer models utilizing single-camera input. Performance assessment considered injury 

prediction accuracy, biomechanical reconstruction quality, movement classification accuracy, 

computational efficiency, early detection capability, false alarm rate, and clinical interpretability. 

Experimental results demonstrate that integrating synchronized multi-camera imaging with Vision 

Transformers substantially improves early injury prediction reliability while providing clinically 

meaningful biomechanical insights for precision sports medicine. 

A comprehensive experimental study evaluated the effectiveness of the proposed framework under 

diverse athletic movements involving sprint acceleration, vertical jumping, side-cutting, pivoting, 

landing mechanics, rotational throwing, multidirectional agility drills, and sport-specific 

performance assessments. During experimentation, synchronized multi-camera recordings 

continuously captured athlete movements from multiple viewpoints, enabling robust three-

dimensional skeletal reconstruction even under severe body self-occlusion and rapid movement 

transitions. The Vision Transformer effectively modeled long-range spatial dependencies among 

multiple anatomical joints, allowing subtle biomechanical abnormalities—including excessive 

knee valgus, trunk instability, hip asymmetry, abnormal ankle loading, reduced landing symmetry, 

and altered kinetic chain coordination—to be identified considerably earlier than conventional 

convolution-based architectures. Experimental observations indicate that integrating multi-view 

biomechanics with global self-attention learning substantially improves both movement 

understanding and early injury prediction capability across multiple sports disciplines. 
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Motion Analysis 

Framework 

Injury Prediction 

Accuracy (%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

CNN-Based Motion 

Analysis 
91.82 91.45 90.96 91.20 

LSTM-Based Motion 

Analysis 
94.38 94.22 94.10 94.16 

Single-Camera Vision 

Transformer 
96.84 96.65 96.92 96.78 

Proposed ViT-MBMA 

Framework 
99.21 99.18 99.32 99.25 

Table 1: Performance comparison of sports injury risk prediction using different biomechanical 

motion analysis frameworks. 

 

Fig 1: Grouped Bar Chart illustrating Injury Prediction Accuracy, Precision, Recall, and F1-

Score for CNN, LSTM, Single-Camera Vision Transformer, and the proposed multi-camera 

Vision Transformer framework. 

The quality of three-dimensional biomechanical reconstruction was evaluated by comparing 

reconstructed skeletal trajectories with laboratory-grade marker-based motion capture systems 

serving as ground truth. Multi-camera synchronization significantly reduced reconstruction errors 

associated with body self-occlusion, rapid directional changes, and high-speed athletic 

movements. The Vision Transformer further enhanced spatial consistency by modeling long-range 

anatomical relationships among distant joints during complex movement sequences. Quantitative 

biomechanical analysis confirmed that joint angle estimation, center-of-mass tracking, stride 

analysis, landing mechanics, and trunk stability measurements closely matched laboratory 
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reference systems while eliminating the need for wearable sensors or reflective body markers. 

Explainable AI modules additionally generated visual attention maps identifying critical 

anatomical regions contributing to injury prediction, thereby improving clinician confidence in 

automated biomechanical assessment. 

Biomechanical 

Parameter 

Marker-Based 

Laboratory (%) 

CNN-Based 

Markerless (%) 

Proposed ViT-

MBMA (%) 

Joint Angle Estimation 99.82 94.15 99.26 

3D Pose 

Reconstruction 
99.75 93.88 99.18 

Center of Mass 

Tracking 
99.64 94.32 99.21 

Landing Mechanics 

Analysis 
99.58 93.75 99.12 

Symmetry Assessment 99.69 94.05 99.24 

Table 2: Comparison of biomechanical reconstruction accuracy among laboratory motion 

capture, CNN-based markerless analysis, and the proposed framework. 

 

Fig 2: Clustered Column Chart comparing Joint Angle Estimation, Three-Dimensional Pose 

Reconstruction, Center of Mass Tracking, Landing Mechanics Analysis, and Symmetry 

Assessment accuracy. 

To evaluate early injury prediction capability, longitudinal athlete monitoring was conducted over 

multiple training cycles spanning preseason, competition periods, and post-competition recovery 
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phases. Personalized biomechanical profiles were continuously updated using historical movement 

data, fatigue indicators, workload measurements, flexibility assessments, and previous injury 

records. The proposed framework successfully identified progressive biomechanical deterioration 

several weeks before clinically diagnosed injuries occurred. Early detection enabled sports 

physicians and strength-conditioning specialists to implement individualized corrective 

interventions including neuromuscular training, workload modification, mobility improvement, 

and rehabilitation exercises. Consequently, injury incidence and training interruptions were 

substantially reduced while preserving athlete performance throughout competitive seasons. 

Monitoring 

Duration 

Early Risk Detection 

(%) 

False Alarm Reduction 

(%) 

Clinical Agreement 

(%) 

1 Month 95.85 94.72 96.15 

3 Months 97.42 96.38 97.84 

6 Months 98.68 98.12 98.91 

12 Months 99.18 99.05 99.26 

Table 3: Longitudinal evaluation of early injury risk prediction during continuous athlete 

monitoring. 

 

Fig 3: Line Graph illustrating improvements in Early Risk Detection, False Alarm Reduction, 

and Clinical Agreement across increasing monitoring durations. 

An ablation study was performed to quantify the contribution of individual architectural 

components within the proposed framework. Four configurations were investigated: markerless 

pose estimation only, pose estimation combined with Vision Transformer learning, Vision 

Transformer integrated with multi-camera reconstruction, and the complete architecture 
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incorporating personalized biomechanical profiling and Explainable Artificial Intelligence. 

Experimental findings demonstrate that every component contributes significantly toward 

improving injury prediction performance. Multi-camera synchronization improves spatial 

reconstruction accuracy, Vision Transformers capture complex global joint relationships, 

personalized biomechanical profiles reduce inter-athlete variability, and Explainable AI enhances 

clinical interpretability. The fully integrated framework consistently achieves the highest 

prediction accuracy, strongest biomechanical consistency, lowest false alarm rate, and greatest 

clinical acceptance among all evaluated configurations. 

Framework 

Configuration 

Injury 

Prediction 

Accuracy (%) 

Reconstruction 

Quality (%) 

Explainability 

Score (%) 

Clinical 

Reliability 

(%) 

Markerless Pose 

Estimation 
93.48 94.26 88.45 91.62 

Pose + Vision 

Transformer 
96.72 97.14 94.38 96.20 

Multi-Camera + ViT 98.45 98.82 97.64 98.15 

Complete Proposed 

ViT-MBMA 

Framework 

99.21 99.26 99.34 99.18 

Table 4: Ablation study illustrating the contribution of multi-camera reconstruction, Vision 

Transformers, personalized biomechanical profiling, and Explainable Artificial Intelligence 

toward early sports injury risk prediction. 

 

Fig 4: Horizontal Bar Chart comparing Injury Prediction Accuracy, Reconstruction Quality, 

Explainability Score, and Clinical Reliability across different framework configurations. 
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CONCLUSION 

The proposed Vision Transformer-Based Multi-Camera Biomechanical Motion Analysis 

Framework (ViT-MBMA) establishes an intelligent, automated, and explainable sports analytics 

architecture capable of accurately predicting early sports injury risk in elite athletes through 

comprehensive biomechanical motion analysis. By integrating synchronized multi-camera 

imaging, markerless three-dimensional pose estimation, Vision Transformer-based 

spatiotemporal learning, biomechanical parameter extraction, personalized athlete 

profiling, temporal motion modeling, and Explainable Artificial Intelligence (XAI) into a 

unified framework, the proposed system effectively addresses several limitations associated with 

traditional sports injury assessment methods. Unlike conventional laboratory-based biomechanical 

analysis requiring reflective markers, wearable sensors, and expensive motion capture systems, 

the proposed framework performs fully markerless movement analysis while preserving natural 

athletic performance and enabling continuous monitoring during real-world training environments. 

The experimental evaluation demonstrates that synchronized multi-camera acquisition 

significantly improves three-dimensional skeletal reconstruction by reducing self-occlusion and 

enhancing spatial consistency across multiple viewpoints. Accurate reconstruction of joint 

trajectories, center-of-mass displacement, trunk stability, landing mechanics, stride characteristics, 

and kinetic chain coordination provides comprehensive biomechanical information essential for 

reliable injury prediction. Furthermore, the Vision Transformer effectively models long-range 

spatial dependencies among anatomically distant joints through global self-attention mechanisms, 

allowing subtle biomechanical abnormalities that frequently precede musculoskeletal injuries to 

be identified considerably earlier than conventional convolution-based architectures. This 

capability substantially improves prediction accuracy for injuries involving the anterior cruciate 

ligament, hamstrings, Achilles tendon, shoulder complex, lumbar spine, and other commonly 

affected musculoskeletal structures in elite sports. 

One of the major contributions of the proposed framework is its ability to perform personalized 

longitudinal biomechanical assessment. Rather than relying on generalized population-based 

movement thresholds, the system continuously learns athlete-specific biomechanical profiles by 

incorporating historical movement characteristics, previous injury history, workload 

measurements, fatigue indicators, flexibility assessments, and sport-specific movement patterns. 

As additional training sessions are analyzed, the framework progressively refines personalized 

injury prediction models while adapting to physiological improvements, rehabilitation progress, 

and technical skill development. This adaptive learning strategy substantially reduces false-

positive predictions while improving long-term prediction reliability across athletes with diverse 

anthropometric characteristics, competitive levels, and sporting disciplines. 

Another significant strength of the proposed architecture lies in its explainability and clinical 

interpretability. Traditional deep learning models frequently function as black-box classifiers that 

provide limited insight into the biomechanical mechanisms responsible for injury predictions. In 
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contrast, the proposed Explainable Artificial Intelligence module generates attention visualizations 

and comprehensive biomechanical reports identifying abnormal joint loading, movement 

asymmetry, excessive angular velocities, trunk instability, altered landing mechanics, and kinetic 

chain deficiencies contributing to elevated injury risk. These interpretable outputs enable sports 

physicians, physiotherapists, biomechanists, athletic trainers, and performance analysts to 

understand the underlying biomechanical causes of predicted injuries and design individualized 

preventive interventions aimed at correcting movement deficiencies before tissue damage occurs. 

The proposed framework also demonstrates excellent computational robustness and scalability for 

large-scale athlete monitoring programs. Automated markerless biomechanical analysis eliminates 

extensive manual annotation while enabling simultaneous assessment of multiple athletes during 

routine training sessions, competitive matches, rehabilitation programs, and performance 

evaluations. Integration with high-speed synchronized camera systems enables near real-time 

injury risk estimation, supporting immediate coaching decisions and rapid implementation of 

preventive strategies. Consequently, the framework provides significant practical value for 

professional sports organizations, Olympic training centers, sports academies, rehabilitation 

hospitals, and research institutions seeking intelligent precision sports analytics capable of 

continuously safeguarding athlete health while maximizing competitive performance. 

Overall, the proposed Vision Transformer-Based Multi-Camera Biomechanical Motion 

Analysis Framework represents a significant advancement in artificial intelligence-driven sports 

medicine by combining state-of-the-art computer vision, transformer architectures, biomechanical 

analysis, explainable AI, and personalized athlete monitoring into a unified predictive system. The 

framework successfully improves injury prediction accuracy, biomechanical reconstruction 

quality, movement interpretation, clinical reliability, and continuous athlete monitoring compared 

with existing markerless motion analysis techniques. Consequently, this research contributes 

toward the development of intelligent precision sports healthcare systems capable of proactively 

identifying biomechanical abnormalities before injuries occur, thereby reducing injury incidence, 

minimizing rehabilitation time, extending athletic careers, and enhancing long-term athletic 

performance. 

Future research will investigate the integration of Vision Foundation Models, Multimodal Large 

Language Models for Sports Analytics, Graph Neural Networks for Whole-Body 

Biomechanical Interaction Modeling, Digital Twin-Based Athlete Simulation, Federated 

Learning for Multi-Institution Sports Data Sharing, Self-Supervised Motion Representation 

Learning, Real-Time Edge AI Deployment, Wearable Sensor and Multi-Camera Fusion, 

Generative AI-Assisted Rehabilitation Planning, and Personalized Digital Sports Medicine 

Platforms. These emerging technologies are expected to further improve biomechanical 

understanding, injury prediction reliability, individualized rehabilitation, continuous athlete 

monitoring, explainability, and precision sports healthcare, enabling the next generation of 

intelligent athlete performance and injury prevention systems. 
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