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ABSTRACT :

In recent years, machine learning has emerged as a pivotal tool in human behaviour analysis, aiding in accurately detecting movement-related anomalies. The study
of gait using machine learning leverages kinematic, dynamic, and temporal-spatial parameters, to identify variations in walking patterns. Using algorithms like
decision trees, support vector machines, and neural networks, these algorithms analyze complex patterns in gait data, overcoming challenges in feature selection
and class imbalance. The motive is to enhance the diagnosis of neurological and musculoskeletal disorders, improve biometric identification, and optimize
rehabilitation processes. This paper explores different machine learning techniques for gait analysis in human behaviour, focusing on key methodologies, challenges,
and advancements in this domain.

1. Introduction :

In the modern era, machine learning has revolutionized various fields, including healthcare, where it enhances predictive modeling and disease diagnosis.
Gait analysis plays a crucial role in understanding human behaviour, aiding in medical diagnostics, security, and sports science.

Human gait reflects physical, neurological, and emotional states. Deviations in walking patterns can indicate disorders like Parkinson’s, while subtle
variations may reveal stress or fatigue. Advanced techniques, including wearable sensors and Al-driven models, have improved gait analysis, making it
valuable for early disease detection, biometric authentication, and performance enhancement.

This paper explores gait analysis, focusing on methodologies, applications, challenges, and future directions.

Importance of Gait Analysis of Human Behaviour:

. Detecting of Disorders: Gait analysis helps identify neurological and musculoskeletal conditions, enabling timely intervention and treatment.
* Personalized Assessment: Machine learning models analyze individual gait patterns, allowing customized diagnostics and rehabilitation
plans.

e  Security and Biometric Identification: Unique gait signatures enhance authentication systems, improving surveillance and access control.

. Performance Optimization: In sports and rehabilitation, gait analysis aids in enhancing movement efficiency and injury prevention.

How Machine Learning Work in Gait Analysis:

. Data Utilization: These systems process gait data, including kinematic, dynamic, and temporal-spatial parameters, to analyze movement
patterns.

e  Algorithms and Techniques: Techniques like support vector machines, decision trees, and neural networks identify anomalies and classify
gait characteristics, enabling accurate assessments.
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Focus of This Paper:

This paper explores the different machine-learning techniques for gait analysis in human behaviour. By leveraging gait datasets and advanced algorithms,
the accurate movement of the person is demonstrated, with an examination of methods to address challenges such as data variability and feature selection.
Strategies to improve classification accuracy and enhance real-world applicability are also discussed.

2. Literature Review :

Different machine learning algorithms in gait analysis have gained significant attention, aiming to improve movement assessment and disorder detection.
Various algorithms and techniques have been explored to analyze kinematic, dynamic, and temporal-spatial data for accurate classification. Key
methodologies in the literature are outlined below:

a) Feature-Based Analysis:
Feature-based methods utilize gait-specific attributes, including step length, cadence, joint angles, and velocity, to assess movement patterns. Algorithms
such as decision trees and support vector machines (SVMs) are used to analyze these gait features. Studies emphasize the importance of different feature
selection algorithms, like principal component analysis (PCA), in managing high-dimensional datasets and improving model efficiency. However,
challenges such as redundant features and motion variability often affect classification accuracy.

b) Imbalanced Data Handling:
Gait analysis datasets are often imbalanced, with a significantly lower number of abnormal gait patterns compared to normal ones. Techniques such as
synthetic minority oversampling (SMOTE) and cost-sensitive learning have addressed this issue. Research has shown that combining SMOTE with
random forest classifiers enhances sensitivity and specificity, which are crucial for detecting movement disorders. However, these methods require careful
parameter tuning to prevent overfitting and maintain generalizability.

c¢) Ensemble Learning:
Random forests and gradient boosting, have gained popularity in gait analysis because of their ability to leverage the strengths of multiple classifiers. By
using these methods we can improve classification accuracy and robustness. Studies indicate that ensemble models outperform individual classifiers,
particularly in handling complex gait datasets, by minimizing bias and variance.

d) Deep Learning Techniques:
Deep learning models have demonstrated significant potential in gait analysis by processing unstructured data, including video sequences and sensor-
based motion data. Convolutional neural networks (CNNs) have been utilized for image-based gait recognition, achieving high accuracy in identifying
abnormal movement patterns. Additionally, recurrent neural networks (RNNs) and long short-term memory (LSTM) networks are applied to sequential
gait data for capturing temporal dependencies. However, despite their effectiveness, deep learning models require large datasets and high computational
power, which may limit their feasibility in certain applications.

e) Real-Time Applications and Scalability:
Real-time prediction systems play a crucial role in integrating machine learning models into gait analysis applications. With advancements in cloud
computing and distributed systems, scalable solutions are now capable of processing large volumes of gait data in real time. For instance, cloud-based
gait recognition models have been developed to enhance security, rehabilitation monitoring, and real-time decision-making in clinical and biometric
applications, thereby improving accessibility and scalability.

Challenges in Gait Analysis :

Despite significant advancements, machine learning-based gait analysis systems face different challenges that impact their effectiveness and real-world
applicability:

a) Imbalanced Datasets:
Gait datasets frequently exhibit class imbalance, where abnormal gait patterns are significantly fewer than normal ones. This disparity can lead machine
learning models to prioritize the majority class, making them less sensitive to rare yet crucial gait anomalies. To overcome this issue, methods such as
oversampling and cost-sensitive learning are employed.

b) Data Quality and Variability:
Gait data collected from different sources, including motion capture systems and wearable sensors, may contain noise, missing values, or inconsistencies.
Standardizing preprocessing techniques, such as filtering and interpolation, is necessary to enhance model reliability.

¢) Feature Selection and Overfitting:
Extracting the most relevant gait features is crucial for improving classification accuracy. However, models may become overly dependent on certain
features, reducing their generalizability across different populations and environments.



International Journal of Research Publication and Reviews, Vol (6), Issue (2), February (2025), Page — 2016-2021 2018

d) Privacy and Data Security:
Gait data, particularly in biometric applications, involves sensitive personal information. Ensuring secure storage, transmission, and processing of gait
data is essential. Techniques like differential privacy and federated learning are being explored to address these concerns while maintaining data
confidentiality.

Techniques to Address Challenges :

a) Imbalanced Data Handling:
Class imbalance is a prevalent challenge in gait analysis. Techniques like synthetic samplings, such as SMOTE, help balance datasets by generating
artificial samples for the minority class. Studies indicate that integrating these methods with ensemble models, such as random forests, enhances predictive
accuracy and model robustness while mitigating class imbalance.

b)  Evaluation Metrics for Gait Classification:
Standard metrics like accuracy, precision, and recall may not fully capture the effectiveness of classification systems in imbalanced datasets. Advanced
metrics, such as F1 score, AUC-ROC, and Matthews correlation coefficient (MCC), provide a more comprehensive assessment of performance. For
example, AUC-ROC measures a model's ability to distinguish between normal and abnormal gait patterns effectively.

c¢) Deep Learning for Predictions:
Deep learning has shown success in analyzing gait sequences, accurately identifying abnormal movement patterns. Attention mechanisms in these models
help focus on key movement regions, enhancing classification reliability. However, the need for large datasets and significant computational resources
can limit their use in certain real-world applications.

d) Personalization and Real-Time Integration:
Personalized gait analysis models utilize individual-specific data, such as height, weight, age, and medical history, to enhance classification accuracy.
Integrating such systems into real-time applications requires scalable solutions, such as cloud-based platforms, that enable dynamic updates and secure
handling of gait data.

3. Materials and Methods :
Dataset Description

The dataset used in this study consists of motion capture and sensor-based gait recordings from diverse individuals. These datasets include kinematic,
dynamic, and temporal-spatial gait parameters, which are crucial for analyzing human movement. The dataset is categorized into different gait patterns,
as described below:

a. Normal Gait:
Represents healthy individuals with stable and symmetrical walking patterns. Key parameters include balanced stride length, cadence, and joint angles.
b.  Neurological Disorder Gait:
Includes gait abnormalities caused by conditions such as Parkinson’s disease, stroke, and cerebral palsy. These patterns are characterized by irregular
step timing, asymmetrical joint movements, and reduced stride length.
c.  Musculoskeletal Disorder Gait:
Consists of gait patterns affected by orthopedic conditions such as osteoarthritis and limb injuries. Common features include altered weight distribution
and compensatory movements.
d. Fatigue-Induced Gait:
Records of individuals walking under fatigue conditions, which lead to deviations in cadence, posture, and stride length. These variations are essential
for studying endurance and biomechanical efficiency.
e. Rehabilitation Gait:
Captures movement data from patients undergoing physical therapy, reflecting gradual improvements in gait stability and mobility over time.

FIGURE 1: Sample Gait Images
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FIGURE 2: Stages of the Gait Cycle
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FIGURE 3: Disease Detection Using Gait Analysis
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FIGURE 4: Flow Chart
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Model Architectures

a) Convolutional Neural Network (CNN)
CNNs are utilized to extract intricate features from the input images or depth maps, effectively capturing spatial characteristics like the position and
motion of the legs, arms, torso, and head. These layers help identify the local features like joint positions, motion trajectories, and body alignment.

b)  Inception Architecture
For multi-scale feature extraction, the Inception model uses parallel convolutions of varying filter sizes (1x1, 3x3, 5x5) to capture both fine details and
broader movement patterns. This helps in detecting subtle gait variations and large-scale movement structures (e.g., walking speed, stride length).

¢) Recurrent Neural Network(RNN)
RNNSs, particularly Long Short-Term Memory (LSTM) or Gated Recurrent Units (GRU), are used to capture the temporal dependencies in the gait data.
These models help in understanding the dynamic relationships between different phases of a walking cycle, such as the interaction between the swing
and stance phases of each step.

d) Bidirectional RNN (Bi-RNN)
A Bi-RNN can be used to process the data from both past and future contexts, offering a more complete understanding of temporal dependencies in gait.

e) ResNet Architecture
ResNet’s skip connections allow it to train deeper models without performance degradation, which is particularly useful for extracting high-level features
from complex gait patterns. This is crucial for analyzing human behaviour, where the gait can involve subtle differences that deep models can pick up.

Model Performance Comparison

Table 1 below provides a comparison between Training Accuracy and Validation Accuracy for the models used in the gait analysis
architecture. This includes models designed to analyze both spatial and temporal features of humans:

Model (Algorithm) Training Accuracy Validation Accuracy
Convolutional Neural Network
(CNN) 97.82% 94.21%
Inception 89.14% 94.95%
ResNet (Residual Network) 82.67% 76.43%
Recurrent Neural Network (RNN) 94.35% 89.84%

TABLE 1: Model Performance Comparison

4, Conclusion :

Machine learning-driven gait analysis systems have become crucial for understanding human behavior, providing valuable insights into movement
patterns and aiding in the detection of anomalies linked to conditions such as Parkinson’s disease, arthritis, and neurological disorders. This study
highlights the significance of integrating spatial and temporal features in gait analysis to capture both posture and movement dynamics. By utilizing
advanced models such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and hybrid architectures, these systems can
extract meaningful patterns from gait data, enhancing the accuracy and reliability of behavioral predictions.

CNN's or Inception-based architectures facilitate spatial feature extraction by identifying localized movement characteristics, including joint positioning
and stride length. Meanwhile, RNNs efficiently model the temporal dependencies inherent in human gait. Hybrid models, which combine CNNs for
spatial analysis with RNNSs for temporal processing, offer a comprehensive approach by capturing both spatial and temporal aspects of human movement.
This combination improves adaptability, enabling systems to recognize complex and subtle gait variations associated with different behavioral states.
Despite the progress made, gait analysis still faces challenges such as class imbalance in datasets, the need for large annotated datasets, and the
interpretability of deep learning models. Addressing these issues may require future research to focus on hybrid architectures that merge traditional
machine learning with advanced techniques like ensemble learning, as well as leveraging multimodal data from diverse sensors and imaging methods.
Additionally, incorporating approaches such as transfer learning and explainable Al could enhance model accuracy, generalizability, and interpretability.
In summary, integrating spatial and temporal feature extraction with advanced machine learning methodologies provides a strong foundation for effective
gait analysis. Continued advancements in these technologies will lead to more accurate, interpretable, and practical systems, improving our understanding
of human behavior and contributing to better healthcare solutions for mobility and movement disorders.
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