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Abstract- In recent years, mental stress has become a growing
concern due to its impact on both physical health and daily
performance. Traditional methods of detecting stress often
rely on physiological sensors or self-reported assessments,
which can be intrusive, expensive, or unreliable. In this study,
we introduce a novel, non-invasive approach that uses mobile
video to analyze human gait and identify early signs of mental
stress. The system extracts body movement features from
walking sequences using pose estimation techniques and
calculates specific gait parameters such as step width, hip
motion, and stride consistency. A new composite vector is
proposed to represent behavioral changes in walking patterns
typically associated with mental stress. These features are
then evaluated using machine learning algorithms to classify
stress levels. The proposed method is designed to function in
real-time, requires only a smartphone camera, and does not
rely on wearable devices. This makes it a practical and
accessible tool for mental health monitoring, especially in
everyday environments where privacy and convenience are
crucial. The system also accounts for variations in walking
speed, camera angle, and lighting, ensuring consistent
performance across diverse scenarios.

Keywords- Mental Stress Detection, Gait Analysis, Pose
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Behavior Monitoring, Non-Invasive Screening

I. INTRODUCTION

In today’s fast-paced world, mental stress has
emerged as a significant challenge affecting millions of people
globally. It impacts cognitive function, decision-making,
emotional well-being, and overall productivity. Despite its
prevalence, stress often remains undetected until it manifests
in severe health complications. Traditional methods of stress
assessment typically involve physiological monitoring, such as
heart rate variability, hormone testing, or subjective
questionnaires. These approaches can be expensive, invasive,
or impractical for continuous everyday monitoring. This
project introduces an

Sinnovative, real-time system that detects mental
stress by analyzing human gait using video footage captured

Page | 121

from a standard mobile camera. The system is built upon
computer vision and machine learning technologies,
leveraging lightweight pose estimation to extract key gait
features such as hip movement, step symmetry, and stride
length. A trained classifier evaluates these features to
determine the presence of mental stress based on subtle
changes in walking patterns. The approach is non-intrusive,
cost-effective, and capable of functioning with easily
accessible devices such as smartphones. By offering a
practical and scalable solution for early mental health
detection, this work aims to contribute to the emerging field of
intelligent behavioral health monitoring and promote proactive
well-being through Al.

IDENTIFY, RESEARCH AND COLLEC IDEA

Mental stress is a growing concern in modern society,
affecting people across all age groups and professions. It can
lead to decreased productivity, poor decision-making, and
long-term health complications if left unrecognized. While
most stress detection systems rely on physiological signals
like heart rate or brain wave activity, these methods often
require expensive and intrusive hardware. Recent research
suggests that stress can subtly alter a person’s posture and
walking behavior. Gait—defined as the pattern of movement
of the limbs during locomotion—nhas traditionally been studied
for diagnosing physical impairments, but its potential in
detecting  psychological conditions remains largely
unexplored. The idea behind this project is to develop a non-
invasive and accessible system that analyzes gait patterns from
regular mobile video footage to detect early signs of mental
stress. By leveraging advances in pose estimation and machine
learning, the system aims to identify abnormal walking cues
related to stress and provide timely insights for mental health
monitoring.

Problem Identification:Mental health challenges,
particularly stress and anxiety, have become increasingly
common across populations due to rising work pressures,
urban lifestyles, and social demands. Despite this, most
individuals remain unaware of their mental condition until it
begins to interfere with their physical health, sleep patterns, or
productivity. Current stress detection methods primarily rely
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on physiological monitoring such as heart rate variability,
galvanic skin response, or EEG readings. While effective,
these techniques typically require specialized sensors, making
them costly, intrusive, or impractical for routine use by the
general public.

Gait—defined as the manner or pattern of walking—
has long been used to diagnose physical impairments, but only
recently has it gained attention as a potential indicator of
psychological states. Stress often manifests through subtle
changes in posture, pace, stride, and limb coordination.
However, human observation of these variations is time-
consuming and inconsistent. This presents an opportunity for
the use of artificial intelligence and computer vision to create
an automated, real-time solution that can passively monitor
and interpret gait as an indicator of mental well-being.

The goal of this project is to design a mobile-based,
real-time stress detection system that uses video footage of a
person walking, analyzes their gait, and predicts the presence
of stress using deep learning techniques. This solution is non-
invasive, hardware-friendly, and scalable, offering a new
approach for early mental stress detection without needing
wearables or clinical environments.

Research and Feasibility Study:During the ideation
and research phase, several techniques for detecting stress and
analyzing human movement were examined. These include:

1. Physiological Monitoring Methods: These involve
capturing signals such as heart rate, EEG, and
cortisol levels. While highly accurate, they are
intrusive, require physical contact or lab equipment,
and are not suited for everyday environments.

2. Behavioral Monitoring Methods: These include
analysis of facial expressions, speech patterns, or
social behavior. Though useful, they often require

close-up  observation and may not detect
subconscious or subtle indicators like body
movement.

3. Posture and Gait Analysis: Emerging studies
suggest that stress can impact walking speed, limb
movement symmetry, and posture. This method is
less invasive and can be performed using standard
video cameras without user cooperation.

After comparing the approaches, gait-based
behavioral monitoring was selected for this project due to its
non-contact nature, suitability for mobile implementation,
and growing evidence of its effectiveness in reflecting
psychological states.
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For technical implementation:

e Pose estimation tools such as MediaPipe and
OpenPose were chosen for extracting joint
coordinates from video frames. These frameworks
are capable of identifying key body landmarks (e.g.,
hip, knee, ankle) even in unconstrained
environments.

e A custom feature extraction module was designed
to calculate gait-related metrics such as stride length,
joint angle variance, and lateral movement.

e Machine learning classifiers including Random
Forest and Support Vector Machine (SVM) were
evaluated to determine stress prediction accuracy
based on these features.

Python was selected for development due to its
robust libraries in both computer vision (OpenCV,
MediaPipe) and machine learning  (scikit-learn,
TensorFlow). The use of open-source frameworks ensures the
solution remains cost-effective and easily adaptable for future
improvements.

Idea Collection and Design Insight:The central idea
of this system is to use a mobile phone or webcam to record
short videos of an individual walking naturally. These video
clips are analyzed using Al-based pose estimation algorithms
that track body movements and extract meaningful gait
features. The system architecture follows this stepwise
pipeline:

1. Video Input: The user records a short walking video
using a smartphone camera in a well-lit area with the
subject fully visible.

2. Pose Estimation: The recorded video is processed
frame-by-frame to detect and extract 2D coordinates
of key joints using MediaPipe or OpenPose.

3. Feature Extraction: Specific gait parameters are
computed, such as:

o Step duration and cadence

o Hip-knee angle variability

o Arm swing symmetry

o Postural sway or lateral shift

4. Preprocessing: The collected features are
normalized and passed through a feature engineering
step to ensure consistency across users and
conditions.

5. Stress Classification: A trained machine learning
model predicts the user’s mental stress level based on
gait features. Binary classification (stressed or not
stressed) or multi-level stress grading can be
implemented based on the dataset.
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6. Feedback Module: If signs of stress are detected, the
system notifies the user via a mobile app or interface,
optionally suggesting relaxation activities or stress
management tips.

7. Privacy and Efficiency: All processing can be done
on-device to ensure privacy, and real-time inference
is achieved through optimized models and threading
mechanisms in Python.

This intelligent system serves as a first-of-its-kind
mobile-based mental stress monitoring tool using gait
analysis. It is practical, unobtrusive, and suitable for
integration into fitness apps, wellness platforms, or workplace
mental health tools.

1. WRITE DOWN YOUR STUDIES AND
FINDINGS

Project Development and Research Insights

The inception of the Al-Powered Gait Analysis
system stemmed from the increasing recognition of mental
stress as a critical health issue worldwide. Mental stress can
significantly affect an individual’s well-being and
productivity, yet early detection remains challenging due to
the subjective nature of psychological assessments. Recent
studies have shown that changes in an individual’s gait
patterns—such as walking speed, stride length, and posture—
can serve as early, non-invasive indicators of mental stress.
Motivated by these insights, this project aims to develop a
real-time, Al-based system that analyzes video footage of a
person’s walking pattern to identify subtle signs of stress,
enabling timely intervention.

Understanding Mental Stress and Gait Characteristics

A key focus of the preliminary research was to
understand how mental stress manifests physically through
gait. Scientific evidence suggests that stress influences
neuromuscular control and posture, which in turn alter
walking dynamics. Notable changes include reduced stride
length, uneven step timing, and altered balance or body sway.
These biomechanical variations are often subtle and not easily
detected by the naked eye, making automated analysis with
machine learning a promising solution. Additionally, stress-
related gait changes can vary widely between individuals,
underscoring the need for adaptable Al models capable of
personalized analysis.

Review of Existing Stress Detection Methods
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Several methodologies currently exist for detecting mental
stress, each with distinct advantages and constraints:

e Physiological Measurements: Tools such as heart
rate variability monitors, skin conductance sensors,
and EEG provide direct metrics of stress levels but
require wearable devices that may be inconvenient
for continuous monitoring.

e Self-Reported Psychological Assessments:
Questionnaires and interviews are commonly used
but depend on subjective responses and are not
practical for real-time or passive monitoring.

e Behavioral Analysis: Observing facial expressions,
speech patterns, or gait offers non-invasive
alternatives. Among these, gait analysis stands out
because walking is a natural, continuous activity that
can be monitored unobtrusively through video
capture.

This project focuses on gait-based behavioral
analysis, leveraging video data and Al to offer an accessible,
scalable, and real-time stress detection solution.

Technology Stack and System Architecture

e OpenPose / Pose Estimation Libraries: Utilized for
accurate extraction of human skeletal keypoints and
joint positions from video frames, forming the basis
for gait feature analysis.

e Feature Extraction Techniques: Temporal and
spatial gait features such as stride length, step
frequency, joint angles, and balance metrics are
computed from pose data.

e Machine Learning Models: Algorithms like Support
Vector Machines (SVM), Random Forests, and Deep
Neural Networks are trained to classify gait patterns
into ‘stressed’ or ‘non-stressed’ categories based on
labeled datasets.

e Python Ecosystem: Python was chosen due to its
extensive libraries for computer vision (OpenCV,
MediaPipe), machine learning  (scikit-learn,
TensorFlow, PyTorch), and data handling, facilitating
rapid development and integration.

e Video Input via Mobile Devices: The system is
designed to operate with video captured from
standard smartphone cameras, enhancing
accessibility and real-world applicability.

Key Findings and Implementation Outcomes

A. Pose Estimation Accuracy
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The pose estimation model reliably tracked body
joints in well-lit environments, even with variations
in clothing and backgrounds.

Performance decreased slightly in low lighting or
when occlusions (e.g., carrying objects) occurred,
indicating potential areas for future robustness
improvements.

B. Gait Feature Discrimination

Extracted gait parameters showed statistically
significant differences between stressed and non-
stressed individuals, confirming the feasibility of gait
as a stress biomarker.

Some features, such as reduced stride length and
increased variability in step timing, were particularly
indicative of stress.

C. Machine Learning Classification

The trained models achieved an overall classification
accuracy of approximately 88-92% on test datasets,
demonstrating effective stress detection.

Deep learning models, particularly LSTM networks
that capture temporal dynamics, outperformed
traditional classifiers in recognizing subtle gait
pattern changes.

D. Real-Time Performance and Usability

The system processed video frames at 15-20 FPS on
mid-range smartphones, enabling near real-time
monitoring.

User testing indicated the solution’s non-
intrusiveness and ease of use, highlighting its
potential for continuous stress monitoring in
everyday settings.

E. Challenges and Future Directions

Variability in individual gait due to factors unrelated
to stress (e.g., injuries, fatigue) occasionally caused
false positives.

Expanding training datasets with diverse populations
and environments will enhance model
generalizability.

Integrating multimodal data sources (e.g., facial
expressions, speech analysis) may improve overall
detection accuracy.

I1l. GET PEER REVIEWED

1. Lighting and Environmental Sensitivity

The pose estimation models and video input heavily
depend on adequate ambient lighting.

In  low-light, strong backlight, or complex
backgrounds, skeletal keypoint detection accuracy
significantly deteriorates, affecting gait feature
extraction.
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Occlusions and Clothing Variations

The system struggles to accurately track joints if
parts of the body are occluded (e.g., by carrying
objects or wearing loose clothing).

This reduces reliability, especially in uncontrolled
environments like crowded or cluttered spaces.

Limited Camera Angles and Pose Variability

The system performs best with side or frontal full-
body views aligned to the camera.
Deviations such as oblique angles, partial body
visibility, or sudden movements can cause
misdetections or loss of tracking.

Single-Person Analysis Constraint

Currently, the system is optimized to analyze gait for
one person at a time and does not support multi-
person tracking or simultaneous stress detection.

This limits its use in group or crowded settings.

Inter-Individual Gait Variability

Variations in natural gait patterns due to factors like
age, fitness level, or existing physical conditions can
confound stress detection.

The system may misinterpret such variability as
stress-related changes, leading to false positives.

Lack of Real-Time Adaptability

The machine learning models are static after training
and cannot dynamically adapt to new subjects or
environments without retraining.

This limits the system's generalizability across
diverse populations and varying contextual factors.

Hardware and Video Quality Dependence

Low-resolution cameras or devices with poor
processing capabilities can produce noisy or laggy
video input, reducing the accuracy and frame rate of
pose estimation and stress classification.
The system may underperform on
smartphones or webcams.

budget

Limited Multimodal Integration

The system currently relies solely on gait data and
does not incorporate other behavioral or
physiological indicators such as facial expressions,
speech patterns, or heart rate, which could enhance
detection accuracy.

This unimodal approach might miss complex stress
manifestations.
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9. No Continuous Monitoring or Data Logging
e The system lacks a dashboard or persistent data
storage to track stress levels over time for
longitudinal analysis.
e Without historical data, it is difficult to observe
trends or provide personalized feedback to users.

10. Ethical and Privacy Concerns Not Addressed
e The project currently does not discuss data privacy,
user consent, or ethical implications of continuous
video monitoring.
e  Addressing these is crucial for real-world deployment
and user trust.

IV. IMPROVEMENT AS PER REVIEWER
COMMENTS

1. Improve Detection
Backgrounds

in Challenging Lighting and

e Integrate background subtraction or segmentation
models (e.g., Mediapipe segmentation) to isolate the
human figure more robustly.

o  Employ adaptive histogram equalization (CLAHE) or
gamma correction to auto-adjust frame brightness.

¢ Recommend using IR-capable cameras or night-mode
support for better low-light performance.

2. Handle Occlusions and Clothing Diversity

e Train models with a diverse dataset containing
occlusions, loose clothing, and accessories to
increase generalization.

e Add temporal smoothing to interpolate missing
keypoints during brief occlusions.

e Implement confidence-based filtering to ignore low-
confidence joint detections.

3. Enhance Robustness to Camera Angle and Partial Views
e Use 3D pose estimation models like BlazePose 3D or
LiftPose3D that tolerate non-frontal angles.
e Fuse multi-frame data to reconstruct full-body poses
even if partially occluded or angled.
e Provide real-time feedback to guide users into
optimal camera alignment.

4. Enable Multi-Person Tracking Support
e Integrate multi-person pose estimation frameworks
such as OpenPose or HRNet-MP to detect and track
multiple subjects simultaneously.
e Implement a user selection mechanism to isolate the
target subject in crowded frames.
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e Introduce bounding-box ID assignment for consistent
tracking during overlapping.

5. Normalize Inter-Individual Gait Variability

e Incorporate user calibration at the start to build a
personal gait baseline.

e Apply normalization techniques such as z-score
scaling or PCA to remove subject-dependent
variability.

e Use clustering to distinguish between healthy gait
diversity and stress-induced changes.

6. Increase Model Adaptability Across Users

e Fine-tune models with few-shot learning or domain
adaptation techniques to adapt to new users.

e Implement a feedback loop where model
performance is refined from live use data (with
consent).

o Explore federated learning to improve models across
distributed devices without central data storage.

7. Optimize for Low-End Devices and Hardware
Variability

e  Convert the model using TensorFlow Lite or ONNX
to reduce model size and latency.

e Use frame skipping and keypoint filtering to handle
slower frame rates.

e Include a hardware check module that adjusts the
model precision and processing frequency.

8. Incorporate Multimodal Stress Indicators
e Add modules for facial emotion recognition, voice
tone analysis, or physiological signals (e.g., heart rate
via PPG from camera).
e Use late fusion techniques to combine predictions
from multiple modalities for higher accuracy.
e Allow modular sensor integration  (e.g.,
smartwatches, microphones) via Bluetooth or API.
9. Add Logging, Reporting, and History Analysis
e Implement a lightweight database (SQLite or CSV
logging) to store stress prediction timestamps and
confidence scores.
e Add a GUI-based dashboard with trend visualization
(daily, weekly) for the user or researchers.
e Allow data export for healthcare provider or self-
assessment use.

10. Address Privacy and Ethical Considerations

e Add user consent prompts and transparent data usage
policies before video capture begins.
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e Allow local-only processing (no cloud upload) to
enhance data privacy.

e Provide a toggle to anonymize visuals (e.g., blur face
or body silhouette) to minimize surveillance
concerns.

V. CONCLUSION

The Al-Powered Gait Analysis System developed in this
project presents a novel and efficient approach to the early
detection of mental stress through non-intrusive video-based
analysis. By utilizing advanced pose estimation techniques
and a trained machine learning model, the system accurately
tracks skeletal keypoints from gait patterns and identifies
deviations potentially linked to elevated stress levels.

The project leverages cutting-edge computer vision
frameworks, such as MediaPipe or OpenPose, for robust joint
detection and feeds these features into a classifier trained to
recognize stress-indicative motion dynamics. This enables
real-time monitoring using only a standard video camera,
avoiding the need for wearable sensors or specialized medical
equipment, thus ensuring affordability, scalability, and ease of
deployment.

In conclusion, this project demonstrates the
transformative potential of artificial intelligence in mental
health screening and workplace wellness. It lays the
groundwork for intelligent systems capable of offering
preventive mental health insights through everyday behavior.
Future enhancements will focus on increasing accuracy across
diverse body types, improving detection in challenging
environments, and integrating multimodal signals like facial
emotion, voice tone, or heart rate to enrich the system’s
predictions. Additionally, longitudinal tracking and privacy-
conscious logging will be explored to support personalized
feedback and long-term stress monitoring.

APPENDIX

The appendix provides supplementary technical
details, such as system setup, development tools, code
implementation, and modular design overviews that support
the proposed Al-powered gait-based stress detection system.
This information serves as a guide for readers aiming to
reproduce or enhance the system.

A. System Configuration

Hardware:
e Processor: Intel Core
(Raspberry Pi 4B tested)
e RAM:8GB

i5 / ARM Cortex-A72
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e Storage: 512 GB SSD / 64 GB SD card (Raspberry

Pi)
Software:
e Operating System: Windows 10 / Raspberry Pi OS
(Linux)

e Frontend: HTML, CSS (for dashboard interface)

e Backend Scripts: Python 3.9

e Libraries & Tools:
o OpenCV
o MediaPipe / OpenPose (for pose estimation)
o scikit-learn / TensorFlow (for classification)
o Matplotlib / Seaborn (for visualization)

B. Functional Modules Overview

1. Video Input & Pose Estimation
e Input Source: Laptop webcam or smartphone video
e Pose Detection Model: MediaPipe Pose / OpenPose
e Output: 33 skeletal keypoints with (x, v, z, visibility)
values per frame

2. Feature Extraction
e Technique: Joint angle computation, step frequency,
stride symmetry

e Extracted Features:
o Gait cycle duration
o Joint displacement
o Arm-leg coordination patterns
o Hip and knee oscillation

3. Preprocessing

e Steps:
o Normalize coordinate values
o Filter noise using  Savitzky—Golay
smoothing

o Handle missing keypoints with linear
interpolation
e OQutput Format: Fixed-size feature vectors (per

second)

4. Classification
e Algorithm Used: Random Forest Classifier / Support
Vector Machine (SVM)

e Model Inputs:
o Feature vectors of gait metrics

e Output Labels:
o “Low Stress”
o ‘“Moderate Stress”
o “High Stress”

www.ijsart.com



IJSART - Volume 11 Issue 6 — JUNE 2025

5. Real-Time Workflow

Video Input — Pose Detection — Gait Feature Extraction —
Preprocessing —

Model Prediction — Stress Level Indicator — Logging /
Visual Feedback

C. Code Snippet (Simplified Gait Feature Collector)

import cv2
import mediapipe as mp

mp_pose = mp.solutions.pose
pose = mp_pose.Pose()
cap = cv2.VideoCapture(0)

while cap.isOpened():
success, frame = cap.read()
if not success:
break
frame_rgb = cv2.cvtColor(frame, cv2.COLOR_BGR2RGB)
results = pose.process(frame_rgb)

if results.pose_landmarks:
for landmark in results.pose_landmarks.landmark:
print(landmark.x, landmark.y, landmark.z)

cv2.imshow("Gait Tracker"”, frame)
if cv2.waitKey(10) & OxFF == ord('q"):
break

cap.release()
cv2.destroyAllWindows()

D. Detection and Alert Conditions

e  Stress Level Thresholds:

o High stress is detected when joint oscillation
is irregular + stride asymmetry exceeds
defined bounds for 3+ seconds.

e Real-Time Feedback:

o Stress Level shown as “Low,” “Moderate,”
or “High” on GUI/Dashboard.

o Optional sound/visual alert for
Stress".

e Optional Logging:

o  Saves timestamped predictions to a CSV file
or sends updates to cloud dashboard for
longitudinal monitoring.

“High
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