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Abstract

Stress is one of the major contributing factors to many diseases in today’s lifestyle. Although
it is not feasible to completely eradicate stress from our daily lives, we can reduce it to a certain
level. This paper presents a cutting-edge method for stress detection that utilizes an advanced
version of the VGG (Visual Geometry Group) architecture by analysing facial features obtained
from images. Our objective is to accurately detect stress indicators, enabling prompt
intervention and assistance. The enhanced VGG architecture significantly improves the
model’s capacity to identify subtle changes in facial expressions linked to mental stress. The
performance of detection is further optimized through comprehensive training and validation
on a varied dataset. This paper contributes to the evolution of stress detection techniques using
modified VGG with Inception layers (VGGIL) and provides significant applications in
healthcare, mental wellness, and human-computer interaction by harnessing the power of deep
learning and facial recognition technology.
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1. INTRODUCTION

In this paper, we delve into numerous facets of the body's responses to psychologically and
physiologically stressful stimuli to explore stress detection methodologies [1]. Stress is a
ubiquitous aspect of modern life that affects individuals through work pressures, personal
relationships, financial concerns, and health issues. Intricately, the physiological stress response
is described by focusing on the activation of the body's "fight or flight" mechanism [2]. This
process involves the initial signaling of the amygdala to the hypothalamus, which subsequently
triggers the release of adrenaline and cortisol from the adrenal glands [15]. These hormones are
responsible for the instant action of the body such as rapid heart rate, breathing rate, and
increased blood flow to vital organs. Prolonged activation of the stress response system leads to
chronic stress, a significant concern that can lead to severe health implications [5, 6]. Sustained
exposure to preeminent stress hormones adversely affects cardiovascular health, mental well-
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being, and overall immune function. Alertness, muscle tension, and changes in blood flow
patterns are some of the physiological changes that occur during stress [17]. Significantly, we
differentiate between short-term adaptive anxiety responses and the harmful effects of chronic
stress, emphasizing the need for effective stress management strategies. There are differences
in stress responses among individuals, which highlight the roles of genetics, life experiences,
coping mechanisms, and resilience levels. This recognition is crucial as it acknowledges that
people vary in their susceptibility to stress-related health issues and their ability to bounce back
from adversity [3]. Social support networks and emotional intelligence are the common factors
contributing to resilience and are recognized as key elements in vindicating the impact of stress
on individuals' health and well-being.

Furthermore, abundant stress management techniques are aimed at reducing stress levels and
enhancing resilience. The techniques include mindfulness practices, physical activity, healthy
lifestyle adoptions, community support, time management, and relaxation techniques. Each
approach discusses its potential to promote relaxation, improve coping skills, and introduce a
balanced approach to handling stressors. Therefore, the intricate interplay between stress,
physiological responses, individual differences, and effective management strategies is crucial
for maintaining overall health and well-being in the face of stress [4-6]

The proposed system introduces an innovative approach for stress detection based on facial

expressions (images), using a modified VGG (Visual Geometry Group) architecture [26]. This
system is designed to analyze facial features extracted from images to accurately identify signs
of stress, aiming to facilitate early intervention and support for individuals experiencing stress
[27,28]. The modified VGG with Inception layers (VGGIL) architecture enhances the system's
capability to capture subtle variations in facial expressions associated with stress, thereby
improving its overall detection performance [26]. Through meticulous training and validation
on a diverse dataset, the VGGIL approach achieves promising results in stress detection [27,
29]. By harnessing the power of deep learning and facial recognition technology, this research
contributes to the advancement of stress detection methodologies [30]. The potential
applications of this system span various domains, including healthcare, mental wellness, and
human-computer interaction, offering valuable tools for addressing stress-related challenges in
society.
The paper is organized as follows: Section 2 describes the literature survey, and Section 3
explains in detail on system architecture. Section 4 explains the VGGIL Model in detail.
Section 5 elucidates on experimental results and analysis, and finally, Section 6 provides a
conclusion and future enhancements.

2. BACKGROUND

Several studies have advanced innovative methodologies for stress detection and
management, leveraging diverse technologies ranging from facial recognition to physiological
signals and social media analysis [1, 5, 11, 17]. Bhosale et al. propose a multifaceted approach
integrating live video facial analysis, chatbot interaction, and mood-based music
recommendations [ 10]. Their method utilizes Convolutional Neural Networks (CNN) to detect
stress-related facial expressions in real-time videos (S. et al., 2023). The chatbot then engages
users in text-based conversations to provide stress-relief advice and support, while Spotify's
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API recommends music tailored to the user's mood [14]. Their system achieves promising
accuracy rates of 83.79% for face stress detection and 79.23% for chatbot stress detection,
indicating its potential as an effective stress management tool [4].

Dessai and Usgaonkar explore stress detection through textual data from Twitter using Text
Mining and Natural Language Processing techniques [9]. They employ a CNN + LSTM
classification model to analyze tweets and achieve an impressive accuracy of 92% in detecting
factors indicative of depression [9, 12]. Their approach highlights the utility of social media
data in understanding and monitoring mental health conditions, providing insights into real-
time stress indicators from online user-generated content.

Shaw et al. focus on automatic stress detection using deep learning models applied to noisy
and complex Twitter data [8]. They experiment with various architectures such as Multichannel
CNN, CNN, GRU, Capsule network, and BERT, achieving exceptional accuracy rates of up to
97.5%. Their research underscores the effectiveness of deep learning in extracting features
automatically from social media data to detect mentions of mental stress, demonstrating robust
performance on standard Twitter datasets [11, 13].

Zhang et al. introduce a connected convolutional network for facial expression recognition
aimed at stress detection [7]. Their method combines low-level and high-level features to
enhance the accuracy of facial expression recognition, crucial for identifying stress-related
facial cues. By setting a threshold on stress-related frames, their framework prompts users to
take breaks when stress levels exceed predefined limits, potentially mitigating stress through
timely interventions.

These studies collectively highlight diverse approaches to stress detection, from leveraging
facial expressions and textual data analysis to utilizing physiological signals and wearable
sensors [ 15, 16]. Each approach offers unique advantages, whether through real-time feedback
mechanisms, automated feature extraction from social media, or continuous monitoring using
wearable technology [11, A.S. et al., 2020). These advancements not only expand the
technological frontiers of stress detection but also pave the way for personalized interventions
and proactive stress management strategies tailored to individual needs.

3. SYSTEM ARCHITECTURE

This paper contributes significantly to advancing stress detection methodologies, with
promising applications in healthcare, mental wellness, and human-computer interaction
domains. The positive outcomes achieved through rigorous training and validation across
diverse datasets underscore the efficacy of the VGGIL approach in stress detection. The
architecture diagram of the VGGIL Stress Detection System is depicted in Fig.1. The VGGIL
Stress Detection System involves three modules, namely, Data Preprocessing, Feature
Extraction, and Classification. The Input Layer accepts facial images for stress analysis.

The functionality of these modules is as follows:

Data Preprocessing Module

e Prepares facial images for analysis.

e Standardizes image size.

e Normalizes pixel values.

e Applies augmentation techniques (rotation, flipping) to enhance dataset diversity.
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Feature Extraction Module
e Extracts diverse features from facial expressions.
e Inception layers improve multi-scale feature extraction.
e Captures subtle variations in stress-related facial expressions.

Classification Module

e Interprets extracted features to classify images as stress or non-stress.

e Uses fully connected layers for high-level feature representation.

o Final layer applies a softmax activation function to output class probabilities.

Input Layer

Resizing, Normalization,

Data Preprocessing gy Augmentation

Facial Images Modified VGG + Inception

Feature Extraction

Convolutional Layers (3x%3}
Module s

Max-Pooling Layers

Inception Layers
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Fig.1. The VGGIL Stress Detection System Architecture
The data preprocessing module in Fig.1 is responsible for preparing the input facial images for
analysis. It involves tasks such as altering the image size to a standard form, normalizing
picture element values to a common scale, and applying augmentation techniques such as
rotation and flipping to increase the diversity of the training dataset [23]. Preprocessing ensures
that the input data is uniform and augmented for analysis by the subsequent modules. The
essential of the scheme lies in the Feature Extraction Segment, which utilizes a modified VGG
architecture enhanced with Inception layers (VGGIL) [25]. This VGGIL architecture allows
the system to extract rich and diverse features from facial images, capturing subtle variations

in facial expressions associated with stress. The Inception layers, with their parallel
convolutional branches of different kernel sizes, enable the model to effectively capture multi-
scale features, enhancing its ability to discern stress-related patterns. Following feature
extraction, the system employs a Classification Module to interpret the extracted features and
classify facial expressions into stress or non-stress categories [18]. This module typically
comprises fully connected layers, which learn high-level representations of the features and
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map them to the corresponding stress levels. The ultimate layer often incorporates a softmax
activation function to generate likelihood scores for each class, facilitating stress detection [20].

The Training and Validation is crucial for optimizing the system's performance. It involves
training the modified VGG architecture with Inception layers on a diverse dataset containing
labeled examples of facial expressions associated with stress. During training, the model's
constraints are adjusted using optimization techniques like stochastic gradient descent to
minimize the loss function [22]. Validation is conducted on separate datasets to evaluate the
archetype’s generalization performance and fine-tune hyperparameters to achieve optimal
results. Once trained and validated, the system's performance is estimated using various
systems of measurement such as accuracy, precision, recall, and F1-score [24]. This system of
measurement offers insights into the system's capability to accurately detect stress from facial
expressions. By meticulously evaluating its performance, the system ensures robustness and
reliability in real-world applications. The Integration and Deployment phase focuses on
integrating the developed system into practical applications and deploying it in real-world
settings. This involves ensuring compatibility with existing systems or platforms, optimizing
the system's efficiency and scalability, and deploying it for use in healthcare, mental wellness,
and human-computer interaction domains [19]. Continuous monitoring and refinement are
essential to maintain the system's effectiveness and address evolving requirements.

Enhancing the power of deep learning and facial recognition technology, the VGGIL Stress
Detection System contributes to advancing stress recognition methodologies, with potential
applications in numerous domains aimed at enhancing well-being and support mechanisms
[25].

4. MODIFIED VGG WITH INCEPTION LAYERS (VGGIL Stress Detection System)
The VGGIL Stress Detection System algorithms involved the following steps:

Algorithm 1: VGGIL Stress Detection System
Step 1: Input Layer
a)  Accepts facial images for stress analysis.
Step 2: Data Preprocessing
a)  Standardizes images (e.g., 224 %224 pixels).
b)  Normalizes pixel values (range [0,1]).
¢)  Applies data augmentation to improve generalization.
Step 3: Feature Extraction Module
a)  Uses modified VGG with Inception layers for multi-scale feature extraction.
b)  3x3 convolutional layers for feature extraction.
¢)  Max-pooling layers for down-sampling.
d)  Inception layers (1 <1, 3 %3, 5x5 kernels) enhance pattern recognition.
Step 4: Classification Module
a)  Fully connected layers interpret extracted features.
b)  Final layer uses softmax activation for probability-based classification.
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Algorithm 1 consists of four steps. The input to the system consists of facial images
captured from individuals. These images serve as the basis for stress detection.
Standardizing the image size to 224x224 pixels and then normalizing picture element
values to the range between 0 and 1 [23]. Identify and extract rich and diverse features from
the facial images, capturing subtle variations associated with stress. The VGGIL
architecture typically consists of multiple convolutional layers with 3x3 filters, interspersed
with max-pooling layers for down-sampling. The inception layers enhance feature
extraction by incorporating parallel convolutional branches with different kernel sizes (1x1,
3x3, 5x5), enabling effective capture of multi-scale features and enhancing the model's
ability to discern stress-related patterns in facial expressions. Finally, includes fully
connected layers, which learn high-level representations of the features extracted using the
VGGIL. The final layer utilizes a softmax activation function to generate probability scores
for each class, facilitating stress detection [20]. Algorithm 2 trains the dataset according to
the VGGIL system and identifying the challenges and gaps to improve further. Training
involves the forward propagation of input images through the Feature Extraction Module,
followed by the Classification Module to generate predictions.

Algorithm 2: Training Dataset

Step 1: The system is trained using labeled datasets containing facial images annotated
with stress or non-stress labels.

Step 2: Predictions are compared with the ground truth labels using a loss function,
categorical cross-entropy.

Step 3: Employ back propagation to adjust the constraints of the network (weights and
biases) to minimize the loss function.

Step 4: Optimizing the model for accurate stress detection.

Training continues for multiple epochs until convergence, with parameters updated using
optimization techniques including stochastic gradient descent (SGD) or Adam [21].

5. RESULT & DISCUSSION

This framework leverages deep learning techniques and advanced architectures like

modified VGG with Inception layers, VGGIL, to enhance the detection of stress from facial
expressions. By integrating these modules and algorithms, the system aims to provide robust
and reliable stress recognition capabilities with potential applications in several domains like
healthcare and mental wellness. For this study, we collected a dataset of 800 images from
websites that were categorized into three stages. The dataset is divided into a training set of 80
images and a testing set of 20 images. We then trained the Multiscale architecture on the
training set using the transfer learning approach, where the pre-trained weights of the Modified
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VGG model were used as the initial weights for training. We fine-tuned the Modified VGG
model on the training set for 50 epochs, with a batch size of 10 and a learning rate of 0.0001..
Model Training consists of the following steps:
e Used a Multi-scale architecture for training.
e Applied transfer learning using pre-trained weights of the Modified VGG model.
e Fine-tuned the Modified VGG model on the training set for 50 epochs.
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Fig. 4. Classification result using VGGIL Stress Detection System

The training curve illustrates how the model's performance improves on the training data
over time, whereas the validation curve shows its performance on the validation data. Ideally,
the model's performance should enhance with each epoch until it stabilizes.
TABLE .1 . EVALUATION METRICS

Method Accuracy | Precision | Specificity F-
score
VGGIL 96.5 95.4 97.5 97.6
Hybrid net 93 91 94 92
VGG 89.2 85.5 90 87
InceptionNet | 94.3 92.6 95 93
GoogleNet | 90 88 91.6 89
AlexNet 88 84.78 89.4 86

The VGGIL stress detection system was evaluated using key metrics, including accuracy,
precision, specificity, and F-score, as in Table 1 [24]. Achieving an accuracy score of 96.5%,
the system effectively distinguishes stress from non-stress facial expressions. This high
accuracy underscores the efficacy of the modified VGG architecture with Inception layers in
capturing subtle stress variations. Precision, indicating the proportion of true positive
predictions among all positive predictions, yielded a score of 95.4%. This demonstrates the
system's capability to accurately identify stress cases without erroneously labeling non-stress
expressions. Specificity (Recall), measuring the system's ability to correctly identify non-stress
cases, achieved a score of 97.5%. This high specificity indicates the system's reliability in
avoiding the misclassification of non-stress expressions as stress, crucial for real-world
applications. The F-score, balancing precision and recall, is calculated at 97.6%. This
comprehensive metric reflects the system's overall performance in stress detection, balancing
its ability to accurately identify stress cases while minimizing false alarms. The high F-score
signifies the system's reliability across diverse scenarios. These results underscore the
effectiveness of the VGGIL stress detection system, highlighting its potential in healthcare,
mental wellness, and human-computer interaction. Further analysis could explore its
performance across various demographic groups and assess its generalization capabilities for
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enhanced real-world utility. Overall, the system shows promising advancements in stress
detection methodologies, offering valuable support for individual well-being.

Chart Title
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F1G. 5. PERFORMANCE ANALYSIS OF VGGIL, HYBRID NET, VGG, INCEPTIONNET,
GOOGLENET, AND ALEXNET

Fig.5 compares the performance metrics of various methods for stress detection related to
machine learning and pattern recognition methods. In essence, the VGGIL model represents a
valuable contribution to stress detection, providing a robust framework for utilizing facial
expressions as indicators of stress levels. By addressing the complexities associated with stress
detection through innovative methodologies, this model lays the groundwork for
transformative advancements in mental health support and human-computer interaction
technologies.

6. CONCLUSION

In conclusion, the VGGIL approach introduces a novel methodology for stress detection
based on facial expressions, utilizing a modified VGG architecture with integrated Inception
layers. Through detailed analysis of facial features extracted from images, the system
demonstrates its ability to accurately identify signs of stress, enabling early intervention and
support for individuals in need. The inclusion of Inception layers enhances the system's
capacity to capture subtle variations in facial expressions associated with stress, resulting in
improved detection performance. The VGGIL method stands out with the highest overall
performance: it achieves an accuracy of 96.5%, precision of 95.4%, specificity of 98%, and an
F-score of 98%. Following closely is the Hybrid net approach, which achieves an accuracy of
93%, a precision of 91%, a specificity of 94%, and an F-score of 92%. InceptionNet and
GoogleNet also demonstrate strong performance, with accuracy scores of 94.3% and 90%,
respectively. On the other hand, AlexNet and VGG exhibit slightly lower performance metrics
in terms of accuracy, precision, and F-score compared to the other methods. Overall, the table
provides a comparative analysis of the effectiveness of different methods for the given task,
highlighting the strengths and weaknesses of each approach. As a future enhancement,
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integrating the VGGIL methodology into real-world applications, alongside continuous
refinement and optimization, will facilitate its deployment in various scenarios, thereby aiding
individuals in managing stress and promoting overall well-being.
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