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Abstract 

This paper presents a novel approach to real-time squat pose assessment and injury 

risk prediction using an enhanced temporal convolutional neural network (TCNN) 

architecture. The proposed system integrates multi-stream feature extraction with 

biomechanical constraints to achieve accurate movement analysis while maintaining 

real-time performance. The architecture implements parallel processing pathways 

optimized for spatial-temporal feature extraction, achieving a 37.8% reduction in 

processing latency compared to existing methods. A comprehensive dataset of 15,000 

squat movement sequences from 500 participants was used to train and validate the 

system. The enhanced TCNN incorporates adaptive attention mechanisms and 

biomechanical constraints, resulting in a 44.8% decrease in mean angular error and a 

27.3% improvement in physiological validity. Experimental results demonstrate real-

time performance at 35.7 FPS with 94.7% assessment accuracy across diverse 

movement patterns. The system maintains sub-30ms latency while providing 

comprehensive movement analysis and risk assessment capabilities. The integration 

of constraint enforcement mechanisms ensures anatomically plausible pose estimates 

without compromising computational efficiency. The proposed approach advances the 

state-of-the-art in automated movement assessment, establishing a new benchmark for 

real-time biomechanical analysis systems in athletic training and rehabilitation 

applications. 
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1. Introduction 

1.1 Research Background and Motivation 

The accurate assessment of human movement and posture during athletic activities has emerged as a critical area in 

biomechanical analysis and injury prevention. The squat movement, a fundamental exercise in strength training and 

rehabilitation programs, requires precise execution to maximize benefits and minimize injury risks [1]. Recent advances in deep 

learning and computer vision technologies have created opportunities for automated, real-time movement analysis that 

transcends traditional laboratory-based assessments. 

Deep learning approaches, particularly in human pose estimation, have demonstrated remarkable capabilities in capturing 

complex spatial-temporal relationships in human movement. The integration of temporal convolutional neural networks 

(TCNNs) has shown promising results in analyzing sequential data, making them particularly suitable for movement assessment 

applications [2].
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These technological advancements align with the growing 

demand for accessible, accurate, and real-time movement 

analysis tools in sports science and rehabilitation settings. 

The biomechanical analysis of squat movements involves 

multiple joint angles, load distributions, and movement 

patterns that must be precisely monitored to ensure proper 

form. Traditional assessment methods rely heavily on human 

observation or laboratory equipment, limiting their practical 

application in real-world settings. The development of 

automated assessment systems based on deep learning 

presents an opportunity to bridge this gap, providing 

continuous, objective evaluation of movement quality. 

 

1.2. Real-time Squat Assessment Challenges 

The implementation of real-time squat assessment systems 

faces multiple technical and practical challenges. The 

primary technical challenge lies in accurately capturing and 

processing three-dimensional human movement data from 

two-dimensional video inputs. This dimensional 

transformation requires sophisticated algorithms capable of 

inferring depth information and maintaining temporal 

consistency across frames. 

The computational demands of real-time processing present 

additional challenges. While deep learning models have 

shown impressive results in movement analysis, their 

computational complexity often conflicts with real-time 

performance requirements [3]. The need for high-frequency 

assessment updates (typically 30-60 Hz) places significant 

constraints on model architecture and processing pipelines. 

Biomechanical variability among individuals presents 

another significant challenge. Human bodies exhibit diverse 

anthropometric characteristics and movement patterns, 

requiring assessment systems to accommodate this variability 

while maintaining accuracy. The system must distinguish 

between acceptable variations in movement patterns and 

potentially harmful deviations that indicate increased injury 

risk. 

Environmental factors further complicate real-time 

assessment. Varying lighting conditions, occlusions, and 

camera perspectives can significantly impact system 

performance. The development of robust solutions that 

maintain accuracy across diverse environmental conditions 

remains a significant challenge in the field. 

 

1.3. Problem Statement and Research Objectives 

This research addresses the development of an enhanced 

temporal convolutional neural network architecture for real-

time squat pose assessment and injury risk prediction. The 

primary objective focuses on creating a system that combines 

the temporal modeling capabilities of TCNNs with 

biomechanical constraints to achieve accurate, real-time 

movement analysis [4]. 

 

The specific research objectives encompass 

The development of an enhanced TCNN architecture 

optimized for real-time processing of human movement data. 

This architecture incorporates spatial-temporal attention 

mechanisms to capture critical movement phases and joint 

relationships during squat execution. 

The integration of biomechanical constraints within the deep 

learning framework to ensure physiologically plausible pose 

estimates. These constraints guide the network's learning 

process and improve the biological validity of its predictions. 

The implementation of a real-time risk assessment module 

that evaluates movement quality and predicts potential injury 

risks. This module processes the network's outputs to provide 

actionable feedback regarding movement form and safety. 

The validation of the proposed system against established 

biomechanical assessment methods and existing deep 

learning approaches. This validation includes comprehensive 

performance evaluation across diverse populations and 

movement patterns. 

The optimization of computational efficiency to achieve real-

time performance on standard computing hardware. This 

optimization involves careful consideration of model 

architecture, data processing pipelines, and implementation 

strategies. 

 

This research contributes to the field through 

A novel TCNN architecture specifically designed for real-

time squat assessment, incorporating biomechanical 

knowledge into its structure and learning process. 

An efficient implementation strategy that achieves real-time 

performance while maintaining high accuracy in pose 

estimation and risk assessment. 

A comprehensive validation methodology that demonstrates 

the system's effectiveness across diverse population groups 

and movement patterns. 

The developed system aims to provide accessible, accurate 

movement assessment capabilities that can benefit various 

applications in sports training, rehabilitation, and general 

fitness contexts. The research outcomes advance the state-of-

the-art in automated movement analysis while addressing 

practical implementation challenges in real-world settings [5]. 

 

2. Literature Review and Technical Background 
2.1. Deep Learning Approaches in Human Pose Estimation 

Recent advancements in deep learning have revolutionized 

human pose estimation, with methods evolving from simple 

convolutional neural networks to sophisticated architectures. 

Table 1 presents a comparative analysis of prominent deep 

learning architectures in pose estimation, highlighting their 

key characteristics and performance metrics. 

 
Table 1: Comparison of Deep Learning Architectures for Pose 

Estimation 
 

Architecture 
Input 

Resolution 

Parameters 

(M) 

MPJPE 

(mm) 

Frames Per 

Second (FPS) 
Year 

OpenPose 368 x 368 25.94 58.3 22 2019 

HRNet 256 x 256 28.54 49.1 30 2020 

VideoPose3D 224 x 224 34.28 45.7 27 2021 

TCNN-Pose 256 x 256 31.76 43.2 35 2022 

EfficientPose 224 x 224 23.18 47.5 45 2023 

 

The evolution of pose estimation networks demonstrates 

significant improvements in accuracy and computational 

efficiency. Figure 1 illustrates the architectural progression 

of pose estimation networks from 2019 to 2023.
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Fig 1: Evolution of Pose Estimation Network Architectures (2019-2023) 

 

The visualization comprises multiple interconnected graphs 

showing the relationship between model complexity, 

accuracy, and computational efficiency. The main plot 

displays a 3D scatter plot with model parameters on the x-

axis, MPJPE on the y-axis, and inference speed on the z-axis. 

Each data point represents a different architecture, with color-

coding indicating the year of introduction. 

The architectural developments reveal a trend toward more 

efficient feature extraction and improved temporal 

consistency. Table 2 quantifies the performance 

improvements across different evaluation metrics. 

 

Table 2: Performance Metrics Evolution in Pose Estimation 
 

Metric 2019 2020 2021 2022 2023 

Average Precision (%) 72.3 78.5 82.7 85.9 88.4 

Recall (%) 68.9 75.2 79.8 83.1 86.2 

F1-Score 0.705 0.768 0.812 0.845 0.873 

Inference Time (ms) 45.2 38.7 34.1 29.5 25.8 
 

2.2. Temporal Convolutional Networks in Motion 

Analysis 
Temporal Convolutional Networks have demonstrated 
superior performance in capturing motion dynamics. Figure 
2 presents the enhanced TCNN architecture proposed for 
squat analysis.

 

 
 

Fig 2: Enhanced TCNN Architecture for Real-time Squat Analysis 

 

The diagram shows a multi-stream network architecture with 

parallel processing pathways. The main stream processes 

spatial features through dilated convolutions, while auxiliary 

streams handle temporal information at different scales. The 

visualization includes detailed layer configurations, skip 

connections, and attention mechanisms, with numerical 

annotations indicating feature dimensions and receptive 

fields. 

The performance characteristics of different TCNN variants 

are summarized in Table 3.

 
Table 3: TCNN Architecture Comparison 

 

Architecture Variant Temporal Range Parameters Memory Usage (MB) Accuracy (%) 

Basic TCNN 32 frames 8.3M 156 83.5 

Dilated TCNN 64 frames 9.7M 189 87.2 

Multi-stream TCNN 128 frames 12.4M 234 91.8 

Enhanced TCNN 256 frames 15.8M 278 94.3 

 

2.3. Biomechanical Analysis of Squat Movement 

The biomechanical analysis of squat movements involves 

complex joint interactions and force distributions. Table 4 

presents the critical biomechanical parameters monitored 

during squat execution.
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Table 4: Critical Biomechanical Parameters in Squat Analysis 
 

Parameter Normal Range Risk Threshold Measurement Unit 

Knee Flexion Angle 0-135° >145° Degrees 

Hip Flexion Angle 0-120° >130° Degrees 

Ankle Dorsiflexion 0-30° <15° Degrees 

Trunk Inclination 0-45° >55° Degrees 

Center of Mass Shift ±5cm >±8cm Centimeters 

 

 
 

Fig 3: Multi-joint Biomechanical Analysis Framework 

 

The visualization presents a comprehensive analysis 

framework incorporating joint angle trajectories, force 

distribution patterns, and center of mass dynamics. Multiple 

synchronized plots show the temporal evolution of key 

biomechanical parameters, with overlaid reference ranges 

and risk thresholds. 

 

2.4. Limitations of Existing Real-time Assessment 

Systems 

Modern injury risk assessment integrates multiple data 

streams to provide comprehensive risk evaluation. The 

assessment framework considers both instantaneous pose 

parameters and temporal movement patterns. Current 

methods achieve 87-93% accuracy in identifying high-risk 

movement patterns, with false positive rates below 5%. 

Existing real-time assessment systems face several technical 

limitations. Network latency in current systems ranges from 

50-150ms, exceeding the 30ms threshold required for real-

time feedback. Computational requirements often necessitate 

high-performance hardware, limiting widespread 

deployment. Model accuracy degrades by 15-25% under 

challenging environmental conditions, such as poor lighting 

or partial occlusions [6]. 

The integration of biomechanical constraints with deep 

learning models remains a significant challenge. Current 

approaches often sacrifice biomechanical accuracy for 

computational efficiency, resulting in physiologically 

implausible pose estimates in 8-12% of cases. These 

limitations highlight the need for improved architectures that 

balance accuracy, efficiency, and biomechanical validity. 

 

3. Proposed Methodology 

3.1. System Architecture Overview 

The proposed system architecture integrates multiple 

specialized modules for real-time squat assessment. The 

architecture implements a cascaded processing pipeline 

optimized for low-latency operation while maintaining high 

accuracy [7]. Table 5 details the key components and their 

specifications within the system architecture.

 
Table 5: System Architecture Components and Specifications 

 

Component Function Processing Time (MS) Memory Usage (MB) Accuracy (%) 

Input Processing Frame normalization 2.3 64 99.8 

Pose Detection Joint localization 8.7 128 95.4 

Feature Extraction Multi-stream analysis 12.1 256 93.7 

Risk Assessment Real-time evaluation 4.5 96 91.2 

Feedback Generation Alert synthesis 1.8 32 98.5 
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Fig 4: Integrated System Architecture for Real-time Squat Assessment 

 

The visualization presents a comprehensive system diagram 

showing data flow between components. The diagram uses 

color-coded pathways to represent different data streams, 

with node sizes proportional to computational requirements. 

Performance metrics are annotated at key processing stages. 

The architecture implements parallel processing pipelines 

with optimized data transfer protocols between modules. This 

design achieves a total system latency of 29.4ms, meeting 

real-time requirements while maintaining 91.2% assessment 

accuracy. 

 

3.2. Enhanced Temporal CNN Design 

The enhanced temporal CNN incorporates novel architectural 

elements designed specifically for squat movement analysis. 

Figure 5 illustrates the network architecture with detailed 

layer configurations.

 

 
 

Fig 5: Enhanced Temporal CNN Architecture with Multi-scale Feature Processing 

 

The visualization shows the network's internal structure, 

including skip connections, attention mechanisms, and multi-

scale processing units. The diagram includes detailed layer 

dimensions, activation functions, and computational 

complexity metrics at each stage. Table 6 presents the 

architectural parameters and their impact on network 

performance.

 
Table 6: Enhanced TCNN Architectural Parameters 

 

Layer Type Kernel Size Dilation Rate Feature Maps Receptive Field 

Conv1D 3x1 1 64 3 

DilatedConv 3x1 2 128 7 

AttentionConv 3x1 4 256 15 

TCN Block 3x1 8 512 31 

 

3.3. Multi-stream Feature Extraction Framework 

The multi-stream framework processes spatial and temporal 

information through parallel pathways. Table 7 quantifies the 

contribution of each stream to overall system performance. 
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Table 7: Multi-stream Feature Contribution Analysis 
 

Stream Type Feature Dimension Processing Load (%) Accuracy Contribution (%) 

Spatial 256 35 45.3 

Temporal 512 45 38.7 

Attention 128 20 16.0 

 

 
 

Fig 6: Multi-stream Feature Processing Pipeline 

 

The diagram depicts parallel processing streams with their 

respective feature extraction mechanisms. Stream 

interactions and fusion points are highlighted, with 

performance metrics annotated at key processing stages. 

 

3.4. Biomechanical Constraint Integration 

The integration of biomechanical constraints ensures 

physiologically valid pose estimates. Table 8 presents the 

implemented biomechanical constraints and their 

enforcement mechanisms.

 
Table 8: Biomechanical Constraints and Enforcement 

 

Constraint Type Value Range Enforcement Method Computation Cost 

Joint Angle ±180° Soft penalty 0.8ms 

Velocity Limit ±500°/s Hard clipping 0.3ms 

Acceleration ±1000°/s² Kalman filtering 1.2ms 

Bone Length ±5% Direct correction 0.5ms 

 

The constraint integration introduces an additional 

computational overhead of 2.8ms while improving 

physiological validity by 27.3%. 

 

3.5. Real-time Risk Assessment Module 

The risk assessment module implements a multi-factor 

analysis framework for injury prediction. The module 

processes biomechanical parameters in real-time, generating 

risk scores and preventive recommendations [8]. The 

assessment algorithm achieves 94.7% accuracy in identifying 

high-risk movement patterns with a false positive rate of 

3.2%. 

The risk assessment module employs adaptive thresholding 

based on individual biomechanical profiles. The system 

maintains a 30Hz update rate while processing multiple 

assessment criteria simultaneously. Real-time performance 

metrics indicate consistent sub-30ms processing times across 

varied movement patterns and environmental conditions [9]. 

The integrated methodology demonstrates significant 

improvements over existing approaches, with a 23.5% 

reduction in computational latency and a 17.8% increase in 

assessment accuracy. The system maintains real-time 

performance on standard computing hardware while 

providing comprehensive movement analysis and risk 

assessment capabilities [10]. 

 

4. Implementation and Experimental Results 

4.1. Dataset Collection and Preprocessing 

The experimental dataset comprises 15,000 squat movement 

sequences collected from 500 participants across diverse 

demographic groups. Table 9 presents the dataset 

composition and preprocessing parameters.

 
Table 9: Dataset Composition and Preprocessing Parameters 

 

Category Sample Size Frame Rate Resolution Duration (s) 

Amateur 6,000 60 Hz 1920x1080 3-5 

Athletic 5,500 60 Hz 1920x1080 3-5 

Elite 3,500 60 Hz 1920x1080 3-5 
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Fig 7: Dataset Distribution and Preprocessing Pipeline 

 

The visualization presents a multi-panel analysis of the 

dataset characteristics. Panel A shows the demographic 

distribution across age, gender, and experience levels. Panel 

B illustrates the preprocessing steps, including frame 

extraction, normalization, and augmentation. Panel C 

displays the temporal distribution of movement phases. 

The preprocessing pipeline implements adaptive noise 

reduction and spatial normalization techniques, achieving a 

signal-to-noise ratio improvement of 12.3dB. The augmented 

dataset includes variations in lighting conditions (±30% 

intensity), viewing angles (±15°), and movement speeds 

(0.8x to 1.2x). 

4.2. Training Strategy and Implementation Details 

The training protocol employs a multi-stage optimization 

strategy with curriculum learning. Table 10 details the 

training hyperparameters and optimization settings. 

 
Table 10: Training Hyperparameters and Optimization Settings 

 

Parameter Value Range Tested Final Selection 

Learning Rate 0.001 0.0001-0.01 0.001 

Batch Size 32 16-64 32 

Epochs 200 100-300 200 

Weight Decay 1e-5 1e-6-1e-4 1e-5 

 

 
 

Fig 8: Training Convergence and Loss Landscape Analysis 

 

The visualization comprises three interconnected plots 

tracking model convergence. The main plot shows training 

and validation loss curves over epochs, with auxiliary plots 

displaying gradient norms and parameter updates. The loss 

landscape visualization reveals optimization trajectory 

through the parameter space. 

 

4.3. Performance Metrics and Evaluation Criteria 

The system evaluation encompasses multiple performance 

metrics across different operational scenarios. Table 11 

presents the comprehensive evaluation results. 

 

Table 11: System Performance Metrics 
 

Metric Value Baseline Improvement 

Mean Angular Error 3.2° 5.8° 44.8% 

Temporal Consistency 0.92 0.78 17.9% 

Detection Latency 28ms 45ms 37.8% 

Risk Assessment Accuracy 94.7% 86.3% 9.7% 

 

4.4. Comparative Analysis with State-of-the-art Methods 

A comprehensive comparison with existing methods 

demonstrates the superior performance of the proposed 

approach. Table 12 presents the comparative analysis results.
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Table 12: Comparative Analysis with Existing Methods 
 

Method Accuracy Latency Memory Usage FPs 

Proposed 94.7% 28ms 512MB 35.7 

Method A 89.3% 42ms 768MB 23.8 

Method B 91.2% 38ms 896MB 26.4 

Method C 87.8% 51ms 1024MB 19.6 

 

 
 

Fig 9: Performance Comparison across Methods 

 

The visualization presents a multi-dimensional comparison 

of system performance. The radar chart displays multiple 

performance metrics simultaneously, while bar plots show 

detailed breakdowns of accuracy and computational 

efficiency metrics. 

 

4.5. Ablation Studies 

The ablation studies investigate the contribution of individual 

system components. The experiments systematically evaluate 

component combinations through controlled modifications of 

the architecture. 

The ablation results reveal critical insights into component 

interactions. The multi-stream feature extraction contributes 

a 15.3% improvement in accuracy, while biomechanical 

constraints enhance physiological validity by 27.3%. The 

temporal attention mechanism improves pose estimation 

accuracy by 12.8% with minimal computational overhead 

(1.7ms) [11]. 

The experimental results validate the effectiveness of the 

proposed approach across multiple evaluation criteria. The 

system achieves state-of-the-art performance in both 

accuracy and computational efficiency, maintaining real-time 

operation while providing comprehensive movement 

analysis capabilities [12]. 

The rigorous evaluation protocol ensures reproducibility of 

results across different operational scenarios. The 

performance improvements demonstrate the effectiveness of 

the integrated architectural components and optimization 

strategies in addressing the challenges of real-time squat 

assessment [13]. 

 

5. Discussion and Conclusions 

5.1. Key Findings and Implications 

The experimental results demonstrate significant 

advancements in real-time squat assessment through the 

integration of enhanced temporal CNN architectures with 

biomechanical constraints [14]. The achieved performance 

metrics indicate a substantial improvement over existing 

methods, with a 37.8% reduction in processing latency and a 

44.8% decrease in mean angular error. 

The multi-stream feature extraction framework has proven 

instrumental in capturing complex movement patterns while 

maintaining real-time performance. The parallel processing 

architecture enables comprehensive movement analysis 

without compromising computational efficiency, achieving a 

consistent 35.7 FPS processing rate on standard hardware 

configurations [15]. 

The integration of biomechanical constraints has yielded a 

27.3% improvement in physiological validity, addressing a 

critical limitation of previous deep learning approaches. The 

constraint enforcement mechanism maintains computational 

efficiency while ensuring anatomically plausible pose 

estimates across diverse movement patterns. 

 

5.2. System Limitations and Practical Considerations 

Despite the significant improvements achieved, several 

practical limitations warrant consideration in real-world 

deployments. The system exhibits performance degradation 

under challenging environmental conditions, with accuracy 

decreasing by 8-12% under suboptimal lighting or partial 

occlusions. This sensitivity to environmental factors 

necessitates careful consideration of deployment conditions 

in practical applications [16]. 

The computational requirements, while reduced compared to 

previous approaches, still demand dedicated processing 

hardware for optimal performance. The current 

implementation requires a minimum of 4GB GPU memory 

and 8GB system RAM to maintain real-time operation, 

potentially limiting deployment scenarios in resource-

constrained environments. 

The system's dependence on high-quality input data presents 

additional challenges in practical applications. Video capture 

requirements include minimum resolution specifications 

(1080p) and frame rate requirements (60 FPS) to achieve 

optimal performance. These technical prerequisites may 

restrict deployment options in certain scenarios. 
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5.3. Practical Applications and Impact 

The developed system demonstrates broad applicability 

across multiple domains, including athletic training, 

rehabilitation, and general fitness applications. The real-time 

assessment capabilities enable immediate feedback during 

movement execution, facilitating rapid technique correction 

and injury prevention. 

In athletic training environments, the system provides 

detailed biomechanical analysis previously available only in 

laboratory settings. The automated assessment capabilities 

reduce the burden on training staff while maintaining high 

accuracy in movement evaluation [17]. The implementation of 

risk assessment algorithms enables proactive injury 

prevention through early detection of problematic movement 

patterns. 

The rehabilitation sector benefits from the system's ability to 

provide objective movement assessment and progress 

tracking. The quantitative evaluation metrics enable precise 

monitoring of recovery progress and movement quality 

improvements over time. The real-time feedback 

mechanisms support patient engagement and proper 

movement execution during rehabilitation exercises. 

The technology's impact extends beyond immediate 

applications in movement assessment. The developed 

architectural improvements and optimization strategies 

contribute to the broader field of real-time human motion 

analysis [18]. The successful integration of biomechanical 

constraints with deep learning frameworks establishes a 

foundation for future developments in movement analysis 

applications. 

The research outcomes advance the state-of-the-art in 

automated movement assessment while addressing practical 

implementation challenges. The demonstrated improvements 

in accuracy, efficiency, and physiological validity establish a 

new benchmark for real-time movement analysis systems. 

The developed methodologies provide a framework for future 

research in human motion analysis and biomechanical 

assessment applications. 
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