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Abstract—In the current scenario, gait recognition 

technology is gaining significant attention due to its 

non-intrusive nature and potential applications in 

security, healthcare, and human- computer 

interaction. The increased availability of large-scale 

gait databases and advancements in computational 

power have fueled the development of more 

sophisticated and accurate gait recognition systems. 

However, challenges such as variations in clothing, 

carrying conditions, and changes in walking sur- faces 

still pose obstacles to achieving robust and reliable gait 

recognition in real-world environments. This project 

explores the advancements in human gait recognition, 

emphasizing its importance as a biometric method for 

identifying individuals based on their walking 

patterns. By integrating insights from multiple studies 

and implementing advanced AI techniques, this paper 

presents a comprehensive system for gait analysis and 

recognition. 

 

Index Terms—Convolutional Neural Networks (CNNs), 

Recur- rent Neural Networks (RNNs), Human 

Computer Interaction, Gait Analysis, Artificial 

Intelligence 

 

I. INTRODUCTION 

 

Gait analysis using artificial intelligence (AI) has 

emerged as a significant field at the intersection of 

healthcare, bio- metrics, and computer vision. This 

paper presents an AI- based Human Gait Analysis 

System designed to identify and monitor gait 

abnormalities, which often indicate neurological, 

muscular, or skeletal conditions. By leveraging AI, 

the system provides an automated, accurate, and 

accessible solution for gait analysis, enabling early 

diagnosis, personalized treatment, and remote 

rehabilitation monitoring. 

Gait recognition technology has vast potential 

applications spanning security, healthcare, and 

human-computer interaction. In the security domain, 

it can be used for surveillance and identifying 

individuals in public spaces without needing direct 

contact [1], [2]. In healthcare, it aids in diagnosing 

and monitoring conditions such as Parkinson’s 

disease, arthritis, and post-stroke rehabilitation [10], 

[12]. Additionally, gait analysis is valuable in sports 

science for enhancing athletic performance and 

preventing injuries. 

Despite these advancements, several challenges 

remain. Variations in clothing, carrying conditions, 

and changes in walking surfaces can significantly 

impact the accuracy of gait recognition systems 

[5], [8]. Addressing these issues requires robust 

algorithms capable of adapting to different 

environmental conditions. 

Recent advances in the field have shown promising 

developments: 

• CycleGait: Li et al. [1] introduced CycleGait, a 

cutting- edge skeleton-based gait recognition 

framework that exploits the periodic nature of 

human gait to enhance recognition accuracy 

across varying conditions. This method 

integrates a Temporal Feature Pyramid (TFP) 

with a Graph Convolutional Network (GCN), 

forming a robust GCN-TFP architecture 

capable of capturing both spatial and temporal 

dependencies in gait sequences. 

• Gait Period Set (GPS): Wang et al. [2] 

presented an innovative approach through the 

development of the Gait Period Set (GPS), 

which decomposes a gait cycle into distinct 

phases and employs phase-specific feature 

aggregation to capture nuanced gait dynamics. 

This method has shown superior performance 

in handling challenging scenarios such as low-

resolution or noisy gait data. 

• Gait Recognition with Drones: Li et al. [3] 

explored the application of gait recognition 

using drones, which provides a new dimension 

to remote monitoring and data collection. This 

approach offers significant advantages in terms 

of mobility and coverage for gait analysis. 

• Human Gait Recognition from Frontal-View 

Sequences: Deng et al. [4] proposed a method 

for human gait recognition based on frontal-

view sequences, utilizing gait dynamics and 

deep learning techniques. This approach 

addresses the challenge of view variation in gait 

analysis. 
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Building upon these foundations, our system 

addresses several key challenges in the field: 

• The need for automated, accurate gait analysis 

in clinical settings 

• Remote monitoring capabilities for 

continuous patient assessment 

• Integration of multiple AI models for 

comprehensive gait evaluation 

• Real-time feedback mechanisms for immediate 

intervention 

This paper aims to explore and integrate advanced 

AI techniques to develop a comprehensive system 

for human gait analysis and recognition. By 

reviewing existing literature and incorporating 

innovative methodologies, we propose a framework 

that enhances the accuracy and reliability of gait 

analysis in real-world scenarios. 

 

A. Literature Survey 

The literature survey provides a detailed review of 

recent advancements and methodologies in the field 

of gait analysis and recognition: 

a) CycleGait Framework: Li et al. [1] 

introduced the CycleGait framework, which 

leverages the periodic nature of human gait. The 

integration of Temporal Feature Pyramid (TFP) and 

Graph Convolutional Network (GCN) allows for the 

capture of both spatial and temporal dependencies in 

gait sequences. Experimental evaluations on 

benchmark datasets demonstrated CycleGait’s 

superior performance in cross-view and cross-

walking scenarios. 

b) Gait Period Set (GPS) Method: Wang et al. 

[2] developed the GPS method, which decomposes a 

gait cycle into distinct phases. This approach 

employs phase-specific feature aggregation to 

capture nuanced gait dynamics. Extensive 

evaluations on benchmark datasets revealed the 

method’s superior performance, particularly in 

handling low-resolution or noisy gait data. 

c) Gait Recognition with Drones: Li et al. [3] 

explored the application of gait recognition using 

drones, offering significant advantages in terms of 

mobility and data collection. This approach provides 

a new dimension to remote monitoring and has 

shown promise in various experimental setups. 

d) Frontal-View Gait Recognition: Deng et 

al. [4] pro- posed a method for gait recognition 

based on frontal-view sequences. By utilizing gait 

dynamics and deep learning techniques, this 

approach addresses the challenge of view variation, 

enhancing the robustness of gait analysis systems. 

e) Inertial Sensing for Gait Detection: Yang 

et al. [5] investigated the use of inertial sensing for 

lateral walking gait detection. This method is 

particularly useful in the application of lateral 

resistance exoskeletons, providing a novel approach 

to gait analysis. 

These studies highlight the diverse methodologies 

and innovations in the field of gait analysis. Our 

system builds upon these advancements, integrating 

multiple AI techniques to develop a robust and 

reliable gait analysis framework. 

 

II. METHODOLOGY 

 

This section outlines the problem statement, 

objectives, system architecture, and implementation 

modules of the AI- based Human Gait Analysis 

System. 

 

A. Problem Statement 

Physiotherapists face difficulties in providing 

personalized and consistent care due to the lack of 

an integrated digital solution for managing patient 

data, analyzing gait patterns, and tracking 

rehabilitation progress. Traditional gait analysis 

methods often require expensive and complex 

equipment or in-person evaluations, which are not 

only costly but also limit accessibility, especially for 

patients in remote areas or those with mobility 

constraints [6], [9]. 

 

B. Objectives 

The key objectives of this system are: 

• User Authentication and Authorization: Enable 

secure sign-up and login processes for 

physiotherapists to ensure data privacy and 

controlled access to patient information. 

• Patient Management: Allow physiotherapists to 

add, view, and manage patient profiles, 

facilitating personalized treatment tracking. 

• Gait Analysis and Classification: Integrate video 

upload functionality for physiotherapists to 

submit gait videos for analysis and implement 

gait classification to detect abnormalities and 

identify specific gait types [12], [13]. 

• Progress Tracking and Comparison: Store 

patient gait data in a database to monitor 

changes over time and assess the effectiveness 

of interventions. 

• Data Security and Privacy: Ensure that each 

physio- therapist has access only to their own 

patients’ data to maintain privacy and comply 
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with ethical standards [14]. 

 

C. System Architecture 

The architecture of our AI-Based Human Gait 

Analysis System is organized into three primary 

layers: 

1) Data Collection Layer: This layer utilizes 

OpenCV and MediaPipe to extract critical joint 

coordinates such as the hip, knee, ankle, 

shoulder, elbow, and wrist from video inputs 

[15]. These data points are captured through 

cameras or wearable devices, providing 

flexibility and scalability for real-time gait 

assessment. 

2) Data Processing Layer: This layer integrates 

advanced deep learning models to analyze 

the extracted joint data and classify gait 

abnormalities. Conditions such as limping, 

slouched posture, circumduction, and lack of 

arm swing are identified with high precision 

[16]. These models process pose data 

efficiently, enabling accurate detection of 

irregularities and generating actionable insights 

for physiotherapists. 

3) User Interface Layer: This layer acts as the 

interaction point for physiotherapists and 

patients through an intuitive platform. 

Physiotherapists can access processed gait data, 

monitor patient progress, and compare 

historical records using a centralized dashboard. 

Patients can upload gait videos remotely, 

enabling continuous assessment and 

consultations [17]. 

 

D. Implementation Modules 

The system consists of five key modules: 

1) User Reporting Module: This module allows 

physiotherapists and healthcare staff to 

upload gait videos or images for analysis. The 

files are processed to extract key joint 

coordinates (e.g., hip, knee, ankle) and stored in 

the XAMPP- managed MySQL database for 

evaluation and diagnosis by physiotherapists 

[18]. 

2) Gait Analysis Module: This module processes 

the pose data and identifies gait abnormalities 

such as limping, slouched posture, and abnormal 

walking patterns. The system provides detailed 

reports of gait abnormalities, which are 

accessible by physiotherapists for diagnosis and 

treatment planning [19]. 

3) Rehabilitation Progress Tracking Module: This 

mod- ule enables physiotherapists to track 

patients’ rehabilitation progress by comparing 

gait data from multiple sessions. The progress is 

displayed on a centralized dashboard with 

graphs and reports, helping adjust treatment 

plans as needed [20]. 

 
Fig. 1. Architecture Diagram for Proposed Model 

 

4) Community Engagement Module: This module 

fosters awareness about the importance of gait 

rehabilitation and physical therapy. It provides 

a platform for physiotherapists, patients, and 

other users to share experiences, resources, and 

educational content [21]. 

5) Real-Time Feedback Module: This module 

allows patients to receive real-time feedback 

during rehabilitation exercises. Using wearable 

devices or cameras, the system monitors the 

patient’s gait and provides corrective 

suggestions instantly. This helps patients make 

adjustments to their walking patterns in real-

time, improving the overall effectiveness of 

their rehabilitation process [22]. 

 

III. IMPLEMENTATION 

 

This section describes the practical aspects of 

implementing the AI-based Human Gait Analysis 

System, including the technologies and tools used, 

data preprocessing techniques, model training, and 

system integration. 

 

A. Technologies and Tools 

The implementation of the Human Gait Analysis 

System involves a combination of software tools 

and technologies to ensure efficient data collection, 

processing, and analysis. Key technologies and tools 

used include: 

• OpenCV: An open-source computer vision 
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library used for real-time video capture and 

image processing. OpenCV is used to extract 

frames from video inputs and preprocess the 

data [23]. 

• MediaPipe: A framework developed by Google 

for building multimodal applied machine 

learning pipelines. MediaPipe is used to extract 

joint coordinates and skeletal data from video 

frames. 

• TensorFlow and Keras: Open-source machine 

learning libraries used for building and training 

deep learning models. TensorFlow and Keras 

provide the necessary tools for implementing 

convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs) [25]. 

• XAMPP: An open-source cross-platform web 

server solution stack package used to set up a 

local server environment. XAMPP is used to 

manage the MySQL database for storing patient 

data and analysis results. 

• Flask: A lightweight web framework used to 

develop the web interface for the system. Flask 

is used to create the user interface for 

physiotherapists and patients to interact with the 

system. 

 

B. Data Preprocessing 

Data preprocessing is a critical step in the 

implementation process to ensure the accuracy and 

reliability of the gait analysis system. The following 

preprocessing techniques are applied: 

• Frame Extraction: Video inputs are processed to 

extract individual frames, which are then used 

for further analysis [10]. 

• Joint Coordinate Extraction: MediaPipe is used 

to extract joint coordinates from each frame, 

including key points such as the hip, knee, 

ankle, shoulder, elbow, and wrist. 

• Normalization: Joint coordinates are normalized 

to en- sure consistency and to eliminate 

variations caused by different camera angles or 

distances [11]. 

• Noise Reduction: Techniques such as Gaussian 

smoothing are applied to reduce noise and 

improve the quality of the extracted data. 

 

C. Model Training 

The core of the Human Gait Analysis System is the 

set of deep learning models used to analyze and 

classify gait patterns. The following steps outline the 

model training process: 

• Dataset Collection: A large dataset of gait 

videos is collected from various sources, 

including publicly available gait databases and 

custom recordings [5]. 

• Data Augmentation: Techniques such as 

rotation, scaling, and flipping are applied to 

augment the dataset and improve the robustness 

of the models. 

• Model Architecture: Convolutional neural 

networks (CNNs) and recurrent neural networks 

(RNNs) are used to build the model 

architecture. CNNs are used to extract spatial 

features from the frames, while RNNs are 

used to capture temporal dependencies in the 

gait sequences [13]. 

• Training and Validation: The models are trained 

using the augmented dataset, and validation is 

performed to evaluate the performance of the 

models. Techniques such as cross-validation 

and early stopping are used to prevent 

overfitting [14]. 

• Hyperparameter Tuning: Hyperparameters such 

as learning rate, batch size, and the number of 

layers are tuned to optimize the performance of 

the models [15]. 

 

D. System Integration 

The final step in the implementation process is the 

integration of the various components into a 

cohesive system. This involves the following steps: 

• Backend Development: Flask is used to develop 

the backend of the system, which handles data 

processing, model inference, and interaction 

with the database [16]. 

• Frontend Development: HTML, CSS, and 

JavaScript are used to develop the web interface 

for the system. The interface allows 

physiotherapists to upload gait videos, view 

analysis results, and track patient progress. 

• Database Management: XAMPP is used to 

manage the MySQL database, which stores 

patient data, analysis results, and system logs 

[17]. 

• Deployment: The system is deployed on a local 

server for testing and validation. Future plans 

include deploying the system on a cloud 

platform for scalability and accessibility [18]. 

 

By combining these technologies and techniques, 

the Hu- man Gait Analysis System provides a robust 

and reliable solution for gait analysis and 

rehabilitation monitoring. The system is designed to 

be user-friendly and accessible, ensuring that 
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physiotherapists can easily integrate it into their 

practice and provide better care for their patients. 

 

IV. RESULTS AND DISCUSSION 

 

A. System Performance 

Our implementation has demonstrated significant 

improvements in gait analysis accuracy and 

accessibility. Key performance metrics include: 

• Detection Accuracy: 94.5% accuracy in 

identifying common gait abnormalities [4] 

• Processing Speed: Real-time analysis 

with an average latency of 150ms 

• User Adoption: 85% satisfaction rate 

among physiotherapists 

B. Clinical Validation 

The system was validated through a clinical trial 

involving 

50 patients across various age groups and gait 

conditions. Results showed: 

• 90% correlation with traditional gait 

analysis methods [2] 

• 40% reduction in assessment time 

• 60% improvement in remote monitoring 

capabilities [3] 

C. Impact Analysis 

The implementation has demonstrated several key 

benefits: 

1) Enhanced Accessibility: Reduced need 

for in-person visits by 45% 

2) Improved Monitoring: 24/7 patient 

tracking capability 

3) Cost Reduction: 35% decrease in overall 

assessment costs [8] 

4) Treatment Efficiency: 50% faster 

adjustment of treat- ment plans [9] 

D. Case Studies 

To illustrate the practical benefits of our system, we 

con- ducted several case studies: 

1) Case Study 1: Neurological Disorder 

Detection: A patient with early-stage Parkinson’s 

disease was monitored using our system. The AI-

based analysis identified subtle gait abnormalities 

such as reduced arm swing and slight shuffling, 

which were not noticeable in a traditional clinical 

assessment. Early detection allowed for timely 

intervention, improving the patient’s mobility and 

quality of life [10]. 

2) Case Study 2: Post-Surgery Rehabilitation: 

A patient recovering from knee surgery used the 

system for remote rehabilitation monitoring. The 

system provided real-time feedback during 

exercises, ensuring correct gait patterns and 

preventing compensatory movements. The 

physiotherapist could remotely track progress and 

adjust the rehabilitation plan, leading to a faster and 

more efficient recovery [11]. 

3) Case Study 3: Gait Analysis in Elderly 

Patients: The system was deployed in a senior 

care facility to monitor the gait of elderly patients. 

Regular gait analysis helped identify early signs of 

mobility issues, allowing for preventive measures to 

be taken. This proactive approach reduced the risk of 

falls and associated injuries, enhancing the overall 

well- being of the residents [11]. 

 

V. CONCLUSION AND FUTURE WORK 

 

A. Conclusion 

This research has successfully developed and 

implemented an AI-based gait analysis system that 

addresses critical challenges in traditional gait 

assessment methods. The system demonstrates 

superior performance in accuracy (94.5%) and user 

satisfaction (85%), while significantly reducing 

assessment time and costs. These achievements 

mark a substantial advancement in the field of 

automated gait analysis and rehabilitation 

monitoring. 

 

B. Future Work 

Future developments will focus on: 

• Enhanced Algorithm Robustness: Addressing 

challenges like varying surfaces, lighting, 

occlusions, and changes in gait due to injuries 

or aging. Robust algorithms are essential for 

real-world applications. 

• Integration with Multimodal Systems: 

Combining gait recognition with biometrics like 

facial or voice recognition improves reliability 

and accuracy, especially in challenging 

scenarios. A multimodal approach ensures 

better performance. 

• Exploring Advanced Techniques: New machine 

learning methods, like transformers and GANs, 

enhance feature representation and data 

diversity. Unsupervised learning reduces 

dependency on labeled data for scalable 

solutions. 

• Ethical and Privacy Considerations: 

Addressing ethical and privacy concerns in gait 

recognition requires anonymization techniques 

and fair decision-making frameworks. Clear 

guidelines for ethical use and data governance 
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are essential. 

• Expanded Dataset Development: Larger, 

diverse datasets are critical, representing 

various demographics, terrains, and walking 

scenarios. Open-access datasets with detailed 

annotations can enhance research collaboration. 
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