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Abstract

Stress has become a major concern in today’s fast-paced lifestyle, affecting mental health and overall well-
being. Traditional stress detection methods rely on self-reporting techniques or physiological sensors, which
are intrusive, expensive, and not suitable for continuous real-time monitoring. This paper presents a real-time
facial emotion and stress detection system using computer vision and deep learning techniques. The system
captures facial images through a webcam and detects faces using the Haar Cascade classifier. The detected
face is preprocessed through grayscale conversion, resizing, and normalization to enhance model
performance. A Convolutional Neural Network (CNN) is used to extract important facial features, and a Deep
Neural Network (DNN) with a Soft max classifier predicts the emotion along with confidence scores. Based
on the predicted emotion and confidence level, a rule-based algorithm categorizes stress levels into Low,
Medium, or High. The system also generates suitable recommendations to help users manage stress effectively.
The proposed model provides a non-intrusive, affordable, and real-time solution for early stress detection and
mental health monitoring applications.

Keywords— Stress Detection, Facial Emotion Recognition, Convolutional Neural Network, Deep Learning,
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1. Introduction

In today's fast-paced world, stress is a major issue
affecting mental health. Traditional stress detection
relies on self-reporting or physiological sensors,
which are intrusive and time-consuming. There is a
need for a real-time, non-intrusive system to detect
and analyze stress automatically through facial
expressions. Facial expressions reflect a person’s
emotional state. By using computer vision and deep
learning techniques, facial emotions can be
recognized automatically. This system captures
facial images through a webcam, detects the face,
and processes it to recognize emotions. Based on the
predicted emotion, the system determines the stress
level and provides appropriate recommendations.
The goal of this project is to develop a simple,
affordable solution using just a webcam to detect
stress early and provide quick relief suggestions.

2. Literature Survey

Foundations of Deep Learning and The foundation

of modern facial emotion recognition systems is built
upon deep learning and representation learning
techniques. Goodfellow et al. [1] discussed key
challenges in representation learning, emphasizing
the importance of learning meaningful features
automatically from data. LeCun, Bengio, and Hinton
[3] provided a comprehensive overview of deep
learning and highlighted how neural networks can
extract  hierarchical  feature  representations.
Krizhevsky et al. [4] demonstrated the power of deep
Convolutional Neural Networks (CNNs) for large-
scale image classification, which directly influenced
image-based emotion  recognition  systems.
Additionally, Kingma and Ba [20] introduced the
Adam optimizer, which significantly improves
training efficiency and convergence speed in deep
neural networks.
2.1.Face Detection and Object Recognition
Techniques.
Accurate face detection is a critical preprocessing
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step in facial emotion recognition. Viola and Jones
[2] proposed a rapid object detection framework
using Haar-like features and a cascade classifier,
which became a standard method for real-time face
detection. Girshick [15] introduced Fast R-CNN for
efficient object detection using deep learning.
Redmon et al. [16] proposed YOLO (You Only Look
Once), enabling real-time object detection with
improved speed and accuracy. Lin et al. [17]
presented the Microsoft COCO dataset, which
contributed significantly to advancements in object
detection and scene understanding research.
2.2.Facial Expression Datasets and Feature
Extraction Methods.
Reliable datasets and feature extraction techniques
are essential for emotion recognition research. The
Extended Cohn-Kanade (CK+) dataset introduced by
Lucey et al. [5] provides labeled facial expression
sequences widely used for training and evaluation.
Lyons et al. [6] explored Gabor wavelets for coding
facial expressions, demonstrating effective texture-
based feature extraction. Mollahosseini et al. [7]
developed AffectNet, a large-scale dataset for facial
expression, valence, and arousal analysis. Shan et al.
[8] proposed Local Binary Patterns (LBP) for facial
expression recognition, offering a robust traditional
feature-based approach before deep learning became
dominant.
2.3.Deep Learning Architectures for Image
Recognition.
Advanced CNN architectures have significantly
improved image recognition performance. Simonyan
and Zisserman [11] introduced VGG networks with
very deep convolutional layers to enhance feature
extraction. He et al. [12] proposed ResNet,
addressing the vanishing gradient problem through
residual learning. Szegedy et al. [14] presented the
Inception architecture, improving computational
efficiency and performance. Ronneberger et al. [19]
developed U-Net, primarily for biomedical image
segmentation, but its encoder-decoder structure
influenced many vision-based deep learning models.
2.4.Surveys and Advanced Attention-Based
Models.
Comprehensive surveys and attention mechanisms
further advanced facial emotion recognition

research. Zhang et al. [9] and Li & Deng [10]
provided detailed surveys on deep learning-based
facial expression recognition methods, comparing
architectures, datasets, and performance metrics.
Vaswani et al. [13] introduced the Transformer
model with an attention mechanism, which
revolutionized deep learning beyond convolutional
architectures. Zhou et al. [18] proposed Class
Activation Mapping (CAM), enabling visualization
of discriminative image regions and improving
model interpretability in vision tasks.

3. Related Work

Several research works have been carried out in the
field of facial emotion recognition and stress
detection. Early approaches focused on traditional
image processing techniques using hand-crafted
features such as Local Binary Patterns (LBP) and
Histogram of Oriented Gradients (HOG). These
features were classified using machine learning
algorithms like Support Vector Machines (SVM) and
k-Nearest Neighbors (k-NN). Although these
methods showed moderate accuracy, they were
sensitive to lighting conditions and facial variations.
With the advancement of deep learning,
Convolutional Neural Networks (CNNs) have been
widely used for facial emotion recognition. CNN-
based models automatically extract important facial
features and improve classification accuracy
compared to traditional methods. Many researchers
have used the FER2013 dataset for training and
testing emotion recognition systems. However, most
existing works focus only on emotion detection and
do not extend the system to classify stress levels or
provide stress management recommendations. The
proposed system improves upon previous works by
combining emotion recognition with stress level
categorization and real-time recommendation
generation.

4. Existing System

The existing facial emotion recognition systems
mainly rely on traditional image processing and
machine learning techniques. These systems often
use hand-crafted features such as Local Binary
Patterns and Histogram of Oriented Gradients to
extract facial features. Machine learning algorithms
like Convolution Neural Network, Support Vector
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Machines and k-Nearest Neighbors are then used to
classify emotions. In many cases, emotion
identification 1is also done through manual
observation. Due to limited automation and feature
extraction capability, these systems struggle to
perform accurately in real-time and real-world
conditions.
5. Methodology
The proposed system detects facial emotion and
determines stress level in real time using computer
vision and deep learning. The facial image is
captured through a webcam, and the Haar Cascade
classifier detects the face region. The image is then
preprocessed using grayscale conversion, resizing,
and normalization to improve accuracy.The
processed image is given to a Convolutional Neural
Network (CNN) to extract facial features, and a Deep
Neural Network (DNN) with a Soft max layer
classifies the emotion. Based on the predicted
emotion, the system categorizes the stress level and
provides suitable recommendations. The entire
process is automatic and designed for real-time
monitoring. The stress levels are categorized as
shown in Figure [1-3]:

e High Stress: Angry, Fear, Sad, Disgust

Figure 1 High Stress.
e Medium Stress: Neutral, Surprise

Figure 2 Medium Stress

e Low Stress: Happy

Real-Time Stress Detection

-/

Figure 3 Low Stress
e System Architecture

Software Architecture

Capture Image Frame
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(CNN + DNN)
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= Suggestions

Figure 4 System Architecture

The Figure 4 illustrates the overall workflow of the
proposed system. It starts with capturing the image
through a webcam, followed by face detection and
image preprocessing. The processed image is then
passed to the CNN + DNN model for emotion
recognition, after which stress analysis and
recommendation generation are performed to
produce the final output.

6. System Implementation

Modules: User Module Initiates the system by
providing facial input through the webcam Interacts
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with the system to start emotion detection Views the
detected emotion, stress level, and recommendations
Does not directly access internal processing or
algorithms System Module Acts as an interface
between the user and application modules Manages
image capture and data flow Controls execution flow
and handles system responses Displays final results
to the user in a readable format Application Module
Performs core processing and analysis Detects face
and preprocesses facial images Predicts emotion
using CNN + DNN model Calculates stress level
based on emotion confidence Generates appropriate
stress-based suggestions shown in Figure 5

Image Capture Module: |
" Copture Facid Image
{ . / . e
Image Pre-Processing Module | Emotion Recognition Module

Pl omaom

: e G G g Emotion Pm;n'niur#"

Lol
#- Grayscele, Resize,
=4 Normdize

[ Stress Analysis Module

Determine
Stress Level
\ 4

Recommendation Module |

‘9 Provide Suggestions

Figure 5 Modules

6.1.Home Page Of The Stress Detection
System

Welcome to Stress Detection System

Figure 6 Home Page of The Stress Detection
System

Figure 6 shows the home interface of the proposed
Web-Based Stress Detection System. The system is
designed with a simple and user-friendly layout. The
homepage displays a welcome message along with a
“Start Analysis” button. When the user clicks the
“Start Analysis” button, the system activates the
webcam and initiates the facial emotion detection
process. The clean design and minimal interface
improve usability and allow users to easily begin the
stress analysis without technical knowledge.
6.2.Real-Time Emotion and Stress Detection
Interface

Real-Time Stress Detection

Figure 7 Real-Time Emotion And Stress
Detection Interface

Figure 7 illustrates the real-time detection interface
of the proposed system. After activating the analysis
process, the webcam captures the user’s facial
image. The detected face is processed using the CNN
+ DNN model to classify emotions. The interface
displays the detected emotion, stress level, and stress
percentage on the right side of the screen. It also
provides options such as “Capture & Analyze” and
“Retake Image” for user control. This interface
ensures smooth interaction and real-time monitoring
of stress levels.

7. Experimental Results And Observations

The Stress Detection System was tested using a
webcam for real-time detection. The model was
trained using the FER2013 dataset. During testing,
00000 the system was able to detect the face
correctly and recognize emotions such as Happy,
Sad, Angry, Fear, Neutral, Surprise, and Disgust.
After detecting the emotion, the system successfully
categorized the stress level as Low, Medium, or
High. The output was displayed clearly along with
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suitable recommendations. The system worked
smoothly in real time without much delay. It was
observed that the system gives better accuracy when
the face is clearly visible and lighting conditions are
good. In low light or when the face is partially
covered, the accuracy may slightly reduce. If more
than one face appears, the system may get confused.
Overall, the results show that the proposed system
works effectively for real-time stress detection and
can be used for practical applications.
Key Observations:
e The system detects facial emotions in real
time.
e Stress level is correctly classified as Low,
Medium, or High.
e Performance is better under good lighting
conditions.
e The System Works Smoothly With Minimal
Delay.
The Proposed System Effectively Detects Stress
Using Facial Expressions.
Conclusion and Future Work
Conclusion: The proposed system successfully
detects facial emotions and determines stress levels
in real time, providing an efficient and intelligent
solution for stress monitoring. By integrating a
Convolutional Neural Network (CNN) with a Deep
Neural Network (DNN), the model significantly
improves emotion classification accuracy and
enhances overall system performance. The solution
is non-intrusive, affordable, and easy to use, making
it suitable for everyday applications. Additionally,
the system offers appropriate stress-based
recommendations to users, helping them manage
their emotional well-being effectively. Future
Enhancements: For future enhancements, the
system’s accuracy can be further improved by
incorporating advanced deep learning architectures
and optimized training techniques. Integrating voice-
based analysis or multi-modal stress detection
methods can provide more comprehensive and
reliable results. Developing a mobile application
version would increase accessibility and user
convenience. Furthermore, improving system
performance under low lighting conditions and
complex background environments will enhance

robustness and real-world applicability.
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