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Abstract—Stress is the body’s natural reaction to demands,
which can cause tension in the body or mind. It is positive by
helping people stay alert and motivated, but prolonged stress
lead to negative health effects. The first step in the pipeline i s
input data acquisition, where images often facial or biomedical
in nature are gathered for analysis. These images undergo an
initial preprocessing phase using CLAHE. This enhancement
technique is both fast and lightweight, ensuring efficient
processing while significantly improving local contrast, thereby
making subtle differences in image regions more apparent.
Next, the preprocessed images are sent through a segmentation
module that utilizes a Wavelet Transform. This approach
excels at retaining important image boundaries (edge
preservation) and is robust to noise, yielding cleaner and more
usable image segments for downstream analysis. The
segmented images then undergo a feature extraction stage,
utilizing Local Binary Patterns (LBP). LBP quickly
summarizes local structures within the images, contributing
both computational efficiency and the ability to discriminate
subtle texture variations, an essential aspect in the accurate
detection of stress indicators in visual data. Extracted features
are subsequently fed into a classification module powered by a
Vision Transformer. This modern architecture provides both
high accuracy in classification tasks and interpret-ability,
allowing the reason behind predictions to be better understood
and trusted. The entire classification system is deployed using a
Flask- based web application, integrating with web cameras
for real-time data collection. This enables users to interact with
the system and receive immediate feedback on their stress
status. Finally, the user-facing interface makes the prediction
output the outcome of this reliable pipeline is available,
providing users with an evaluation of their stress level based on
the analyzed images. This detailed process ensures accuracy,
speed, and usability from gathering data to producing
actionable prediction outcome

Keywords—Stress Prediction, CLAHE, Wavelet Transform,
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I. INTRODUCTION
Stress is one of the most important problems of modern

life, and it has become a contemporary living that affects
people of all ages, occupations, and social backgrounds.

In today’s fast-paced and competitive world, stress arises
from a variety of factors such as work pressure and academic
demands to financial problems and troubled interpersonal
relationships, even to the disturbing constancy of technology.
While temporary stress is occasionally a useful motivator
and enhances performance in critical situations, long-term
stress or chronic stress is highly destructive[1]. It weakens
not only the body but also the mind, encouraging a variety of

health disorders. Because of these risks, stress is now
recognized not just as an emotional challenge but also as a
major public health concern that requires early detection,
proper monitoring, and effective management strategies[6].

The first step in recognizing the dual nature of stress is
that it is not necessarily bad; often referred to as "eustress,"
or moderate levels of stress, can actually be adaptive in
keeping people alert, focused, and motivated[7]. For instance,
students studying for an exam or athletes competing in a
tournament usually perform better under mild stress because
this influence drives them to concentrate and channel their
energy productively. If the level of stress becomes excessive,
long, or overwhelming, it becomes harmful. This level,
referred to as "distress," has the opposite effect; it lowers
performance, clouds judgment, and adversely affects
physical and mental health. Real-time interaction enhances
usability because users receive immediate results of their
stress levels [3].

In summary, stress is a normal aspect of human life, but
unchecked stress can have serious risks to health and well-
being. Traditional stress measuring techniques are either
subjective or intrusive, highlighting the necessity for simple,
non-invasive, and ongoing methods for stress recognition[2].
Body language, facial expression, and other behavioural cues
provide useful information about stress levels and offer a
practical way to identifying stress in real time situations.

II. RELATED WORKS

It reveals a strong trend toward combining physiological,
behavioral, and computational methods to create
comprehensive stress detection systems. Each approach has
its own strengths and weaknesses, and research is ongoing
aimed at balancing accuracy, non-invasiveness, and ease of
use. The following sections provide a detailed overview of
previous work in this area, focusing on the different methods,
techniques, and results obtained by researchers.

Akhil Chandran Miniyadan et al [1] point out that a
significant portion of the world’s population suffers from
depression and stress caused by various life factors. The fast-
paced nature of modern society often cause stress, to build up
and gradually develop into depression. The methodology
involves using a Convolutional Neural Network to extract
facial features from the FER dataset and incorporating the
Patient Health Questionnaire. Experimental results show that
the proposed system achieved a promising accuracy of 92%
on the FER dataset. The main advantage of this approach is
that visual and textual data can be integrated to improve
prediction accuracy. However, a limitation is that the model
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performance may vary across populations due to bias in the
dataset.

GioGiorgos Giannakakis et al [2] involves creating a
dataset of 58 participants performing 11 stressful and non-
stressful tasks across four experimental phases. Facial
motion units are identified and extracted automatically as
features. These characteristics are combined with
conventional machine learning and deep learning models to
analyze the effect of AUs through layer-by-layer
association propagation. Advantages include high
classification accuracy (>93%), identification of constraint-
related AU combinations, and high interpretability of results.
The system also supports custom modelling, improving the
generalizability of data across individuals. However,
drawbacks include dependence on controlled experimental
settings, limited dataset size, and possible performance
degradation in real-world settings. Additionally, relying
solely on facial expressions may overlook other indicators of
physiological stress.

Disha Sehgal et al [3] combine three modules to monitor
mental health. First, we predict stress using behavioral and
physiological data using the XG Boost algorithm[3], which
is trained to effectively identify stress patterns. Emotions are
then detected using a Convolutional Neural Network that
classifies facial expressions and captures emotional
information in real time. Third, a digital mood diaries allow
users to record and track their emotional states over time.
Key benefits include early detection of mental disorders,
increased self- awareness, and availability of evidence-based
mental health resources. However, drawbacks include
potential data privacy issues, reliable on user compliance for
diary entries, and possible misclassification due to model
bias and limited datasets.

Sunitha C. K et al [4] describes this project involves
several stages, starting with data preparation where clinical
and biometric data are cleaned and normalized using Min-
Max scaling. Multiple machine learning models such as
decision trees, gradient boosting, linear regression, random
forest, and SVM are trained using parameter hyper tuning to
improve accuracy. To access stress in real-time, a script was
developed to capture real data and provide predictions.
Advantages include early stress detection, real-time
monitoring, accessible graphical user-interface, and high
predictive performance, especially with Gradient Boosting.
However, disadvantages include dependence on high-quality
clinical data, risk of model bias, and risk of over fitting with
limited datasets.

Wenrui Dou et al [5] argue that as the proportion of the
elderly population increases, facial expression recognition
will become a major challenge for older adults as facial
shape and texture change over time. In this study, we
propose to use Vision Transformer network enhanced with
LMIM to solve this problem. The LMIM method evaluates
the correlation between the input image and high-level latent
representations, allowing the model to identify the most
important elements. This approach was evaluated on three
datasets: EFED, a self-generated dataset for older adults,
FER2013, and See pretty face, which served as a benchmark
for performance evaluation. Experimental results shows that
enabling LMIM improves recognition accuracy by about 4-
9% compared to the baseline Vision Transformer. Overall,
the combination of Vision Transformers with LMIM

provides a promising solution for improving elderly facial
expression recognition.

III. PROPOSED METHODOLOGY

A complete stress prediction system, however, requires
more than just an improved classifier. The quality of the
input data has a significant impact on the accuracy of
predictions, especially when images are taken under different
lighting and environmental conditions. To solve this problem,
pre-processing using CLAHE is employed. CLAHE
improves local contrast, highlights details, and provide
reliable input data for analysis. Segmentation is then
performed using a Wavelet Transform. This preserves
important edges and reduces noise, and creates cleaner
regions of the image for feature extraction. We then apply a
Local Binary models to extract unique texture features, that
capture micro-level changes in facial structures that correlate
with stress[4]. These processed feature-rich images are fed to
Vision Transformer for classification, achieving high
performance and interpretability. The proposed pipeline is
deployed through a Flask-based web application that
supports real-time stress monitoring using web cameras as
shown in Fig.1. This design ensures accessibility and
providing instant feedback for users in various contexts such
as workplaces, educational platforms, or medicial monitoring
systems[12]. Integration lightweight pre-processing
techniques with a powerful Vision Transformer classifier
provides an effective balance between efficiency, accuracy,
and real-world applicability.

Fig. 1. System Architecture Diagram

A. Input Data
The pipeline starts with the input data. It primarily

consists of facial images or biomedical images captured
using cameras or other sensors. These images serve as the
basis on which the entire stress prediction workflow is built.
If the input images are poorly captured, blurry, or subject to
lighting changes, the system may have difficulty detecting
subtle features related to stress. Indicators of stress in facial
images often include micro-expressions, changes in skin
tone, wrinkles, or muscle tensions etc., and require clear and
consistent input to be recognized accurately. Collecting
different datasets ensures that the system is reliable for
different people, age groups, and environmental
conditions[2].
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B. Preprocessing using CLAHE
Once the input data is acquired, it undergoes pre-

processing using Contrast Limited Adaptive Histogram
Equalization. Pre-processing is essential because real- world
images often suffer from uneven lighting, low contrast, and
environmental noise[13]. CLAHE is chosen because it is
both fast and lightweight, meaning it requires minimal
computational resources while being highly effective. It
works by improving the local contrast in small regions of
the image rather than adjusting the entire image globally.

C. Segmentation using Wavelet Transform
Following pre-processing, the images move into the

segmentation stage, where Wavelet Transform is used.
Segmentation is a crucial step because it isolates regions of
interest from the background, focusing on areas that are most
likely to contain stress-related features. The Wavelet
Transform is particularly effective because it excels at edge
preservation, which ensures that important structural details
of the face are not lost. Stress- related cues such as the
tightening of facial muscles or fine lines around the eyes may
be subtle, and wavelet segmentation helps highlight these
boundaries accurately[19].

D. Feature Extraction using Local Binary Patterns
Once the images are segmented, Local Binary Patterns

are used for feature extraction. LBP is a commonly
employed texture descriptor that represents the local features
of an image by assessing each pixel against its neighboring
pixels[8]. The technique operates by transforming texture
data into binary formats, which are efficient for storage and
analysis. One of the main advantages of LBP is its ability to
discriminate micro-textures such as wrinkles, skin
irregularities, or tension lines, all of which may correlate
with stress levels [11]. By summarizing local structures, LBP
reduces the complexity of the data while preserving the most
important features.

E. Classification using Vision Transformer
The features obtained are subsequently input into a

Vision Transformer (ViT) for categorization. Vision
Transformers have recently become a leading approach for
computer vision tasks because of their capacity to capture
long range dependencies through self-attention
mechanisms[5]. Unlike CNNs, which focus on local
receptive fields, Vision Transformers divide the image into
patches and analyse relationships across all patches
simultaneously. For example, a Vision Transformer can
correlate micro-level features like wrinkles with macro-level
expressions such as furrowed brows or tightened lips [5].
One of the major advantages of ViTs is their interpretability,
as attention maps can highlight which image regions were
most important for the prediction.

F. Flask(Web Cam Integration)
For practical usability, the entire pipeline is deployed

through a Flask-based web application. Flask is a lightweight
Python framework that facilitates the connection between
machine learning methods and user interfaces. Through this
system, a webcam is connected to continuously capture real-
time facial images. These images are immediately sent
through the pipeline pre-processing, segmentation, feature
extraction, and classification before generating predictions.
Real-time interaction enhances usability, as users receive
immediate feedback about their stress levels[14].The Flask

interface also ensures scalability, making it possible to
deploy the system in diverse environments such as
workplaces, classrooms, or telemedicine platforms[16].

IV. RESULTS AND DISCUSSION

A. Image Distribution for Train and Test Set
The distribution of images in the training and testing sets

across the three stress categories: High Stress, Medium
Stress, and Normal is shown in Fig.2. The training set is
shown by the green bars, while the testing set is shown by
the purple bars. Each class has a unique number of photos
split between training and testing, to ensure that the
representation of all categories in both subsets. The chart
clearly shows how the dataset is divided for experimental
purposes[10]. An overview of the data used to create and
access the stress prediction system is shown in this
visualization [15].

Fig. 2.Image Distribution for Train and Test Set

1. Random Train Images
Six grayscale pictures of faces with the labels "High

Stress," "Medium Stress," or "Normal" are displayed in Fig.3.
These images are likely part of a training dataset used for
deep learning models that analyze facial expressions to
classify stress levels. The top row shows two examples of
high stress and one of medium stress, while the bottom row
provides one medium stress example and two of normal
emotion. This figure, captioned "Random Train Images,"
suggests a system is being trained to recognize and
categorize different emotional states based on facial cues,
which is a common application in fields like affective
computing[18].

Fig. 3. Random images
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2. Input Image
An "Input Image" is the raw image data as seen in Fig.4.

That a machine learning model or an image processing
algorithm is given to analyze. This image serves as the initial
data point for a system to perform a specific task, such as
classification or detection. In the context of the previous
image of faces, the "Input Image" would be a new, unseen
face that the model needs to classify as High Stress, Medium
Stress, or Normal based on what it learned from its training
data. The quality and characteristics of this input image are
crucial for the model's performance.

Fig. 4. Input Image

B. Resized RGB Image and Grayscale Image
The image shows a side-by-side comparison of the same

person's face as grayscale and resized RGB image. Due to its
reduced quality, the resized RGB image on the left seems
blocky and pixelated, revealing individual pixels. The
grayscale image on the right has a better apparent resolution
and looks smoother after being converted from a full color
shades of gray. In order to reduce data quantity and
computational complexity without sacrificing crucial features
for tasks like facial recognition or emotion analysis[3], this
comparison demonstrates a common steps in picture
preprocessing for machine learning for converting photos to
a standardized format and resolution as Fig. 5.

Fig. 5. Resized RGB Image & Grayscale Image

C. CLAHE Image and Wavelet Transform Approximation
This image is a visual comparison of two different image

processing methods (CLAHE and wavelet approximation)
applied to the same face image. The CLAHE image on the
left has increased contrast, making facial features such as
eyebrows, eyes, and mouth stand out more clearly. This
technique is used to improve the local contrast of an image,
especially in areas of varying brightness. The wavelet
approximation image on the right, created using the wavelet
transform, has a blurred or simplified appearance due to the
removal of high frequency details. This process is often
used to reduce noise or compress images
[17]. Comparing these two images shows that the CLAHE
image retains fine details while improving contrast, which is
useful for feature extraction as Fig. 6.

Fig. 6. CLAHE Image & Wavelet Approximation

D. Local Binary Patterns
The image displays the result of applying a Local Binary

Pattern (LBP) algorithm to a facial image. This technique is
used in computer vision for feature extraction and is highly
effective for tasks like texture classification and facial
analysis[20]. The LBP algorithm works by creating a binary
pattern for each pixel by comparing the value of each pixel
to the value of its neighbors. For example, if the value of an
adjacent pixel is greater than or equal to the Centre pixel, it
will be assigned a value 1, and if it is less than that, it will
be assigned a value of 0. These binary values form a unique
code that captures local texture and structural information.
The resulting image, appears as a grainy abstract pattern of
black, white, and gray pixels as shown in Fig.7.

Fig.7. Local Binary Patterns

E. Confusion Matrix
The confusion matrix in Fig. 8 visually summarizes the

performance of a machine learning model designed to
classify stress levels. The rows of the matrix represent the
true or actual stress levels of the images, and the columns
represent the predicted stress levels determined by the
model. For example, the cell where the "High Stress" row
intersects the High Stress column will display the value of
57. This means that the model correctly classified 57 images
as high stress. Similarly, the model correctly classified 45
images as Medium Stress and 92 images as Normal.

Fig. 8. Confusion Matrix

Authorized licensed use limited to: Saveetha School of Engineering - CHENNAI. Downloaded on May 09,2026 at 04:58:59 UTC from IEEE Xplore.  Restrictions apply. 



F. Validation Accuracy

Fig. 9. Validation Accuracy

G. Classification Report
The image shows a detailed classification report for a

deep learning model. Provides performance metrics such as
precision, recall, and F1 score for each stress level: High
Stress, Medium Stress, and Normal. This model shows high
accuracy. It has a perfect score of 1.00 for "normal" face
recognition and a high scores in the high 0.90 for all other
classes. The overall accuracy of the model is 98%,
indicating good performance. This report is an important
tool for evaluating the reliability of the model in classifying
different stress conditions as Fig.10.

Fig. 10. Classification Report

H. ROC Curve
The image shows the ROC curve of a machine learning

model, specifically Vision Transformer used to classify
Stress levels. This kind plot tracks true positives against
false alarms while shifting decision limits. Instead of staying
flat, it climbs fast when accuracy improves. High
performance means hugging the upper-left edge closely. The
ideal curve would be along the top left corner of the graph.
This figure has three separate ROC curves, one for each
class: High Stress, Medium Stress and Normal. Each line
lives near the top left area of the plot, just like in Fig. 11.
That positioning suggests results close to ideal separation
across all groups.

Fig.11. ROC Curve

I. Predicted Output
The provided image displays the result of a machine

learning model's prediction on a facial image as Fig.12. The
model has classified the person's expression as "Normal",
with a confidence score of 0.5760. This score indicates that
this model is 57.6% certain of its prediction[9].

Fig. 12. Predicted Output

The Fig. 13 shows the index page of the stress detection
system implemented through a Flask-based web application.
The interface provides a live webcam feed at the canter,
enabling real-time image capture for stress prediction.
Additionally, an option is available to upload an image and
also user can instantly analyze their stress level by using the
webcam, offering flexibility for users.

Fig. 13. Index Page (Live Webcam)
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