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Abstract: - The ubiquity of emotional stress has become a major worry affecting people's general well-being and quality of 

life in today's fast-paced environment. Managing health disorders due to stress requires early detection and management. 
In this paper, we employ Convolutional Neural Network (CNN) technology to suggest a unique method for identifying 

emotional stress. The goal of the proposed solution is to create a reliable and accurate system that can recognize 

emotional stress patterns facial expressions into seven emotion categories. A sizable dataset of labeled stress and non-

stress samples taken from people in a variety of real-world situations is used to train the suggested CNN model. The 

model is intended to separate the input signals into discrete stress categories by extracting pertinent features from the 

signals. The effectiveness of the CNN-based stress detection system is evaluated by a comprehensive set of tests and 

evaluations, which include receiver operating characteristic (ROC) curve analysis, sensitivity, specificity, and accuracy. 

The outcomes show how well and consistently the suggested method works to identify emotional stress levels. The system's 

usefulness in encouraging proactive stress management techniques and a healthy lifestyle is highlighted by discussing its 

possible applications in wearable technology and mobile health (mHealth) platforms. All things considered, this study 

advances the development of technologically mediated approaches to emotional distress and improves people's quality of 
life in the digital age. 
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I. INTRODUCTION 

In contemporary society, the prevalence of emotional 

stress has become a critical concern, significantly 

impacting individual well-being and mental health. The 

ability to accurately detect and assess emotional stress 

is pivotal for timely intervention and support. 

Traditional methods of stress detection often rely on 

subjective self-reporting or limited physiological 

indicators. In response to the growing need for more 

objective and efficient stress detection methodologies, 

advanced technologies such as Convolutional Neural 

Networks (CNNs) have emerged as promising tools. 

Emotional stress manifests through various 
physiological and facial expression cues, which can be 

intricate and challenging to decipher accurately. CNNs, 

a class of deep learning algorithms, have demonstrated 

exceptional capabilities in pattern recognition and 

feature extraction tasks, making them well-suited for 

complex data analysis. Leveraging CNNs for emotional 

stress detection holds the potential to provide more 

nuanced and accurate insights into an individual's 

emotional well-being. 

This research aims to explore the effectiveness of CNNs 

in the identification of emotional stress by analyzing 
physiological signals or facial expressions associated 

with stress. 

 The utilization of deep learning techniques allows for 

automated and data-driven stress detection, contributing 

to a more objective and reliable assessment. To ensure 

the robustness of the proposed model, a diverse dataset  

 

 
 

 

comprising various stress-inducing scenarios is 

employed. 

As we delve into the specifics of the CNN-based 

approach, it is anticipated that the outcomes of this 

research will contribute to the development of advanced 

systems capable of real-time emotional stress detection. 

Such systems hold promise in diverse applications,  

ranging from mental health monitoring to the design of 

interventions aimed at mitigating the impact of stressors 
on individuals. 

 

The identification of emotional stress has become a 

critical area of research, given the increasing 

recognition of its impact on mental health and overall 

well-being. In recent years, Convolutional Neural 

Networks (CNNs) have emerged as powerful tools in 

various fields, including image and pattern recognition. 

This study focuses on leveraging the capabilities of 

CNNs for the detection of emotional stress, aiming to 

provide a robust and automated approach to assess 

individuals' emotional states. By analyzing facial 
expressions and other physiological cues, the proposed 

CNN-based system aims to accurately identify signs of 

emotional stress, offering a valuable tool for early 

intervention and support. This research not only 

contributes to the field of emotion detection but also 

holds the potential to enhance our understanding of the 

intricate relationship between technology and mental 

health. 
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II. PROPOSED METHODOLOGY 

 The primary objective of this project is to develop a 

robust deep learning model capable of classifying the 

emotions expressed on a person's face into one of seven 

categories. Emotion classification is a critical aspect of 

human-computer interaction and artificial intelligence 

applications, contributing to the creation of more 

emotionally intelligent systems. The model is trained on 
the FER-2013 dataset, a comprehensive collection of 

grayscale facial images, each measuring 48x48 pixels, 

annotated with seven distinct emotions. 

angry, sad, happy, scared, surprised, disgust and 

neutral.  

 

Dataset Preparation: 

 

The FER2013 dataset is a widely used benchmark 

dataset in the field of facial expression recognition. It 

contains 48x48-pixel grayscale images of faces along 

with their corresponding emotion labels. The dataset 
consists of over 30,000 images, categorized into seven 

emotion classes: anger, disgust, fear, happiness, 

sadness, surprise, and neutral. 

Here is a brief overview of the FER2013 dataset: 

File Format: The dataset is typically provided in a CSV 

(Comma Separated Values) file named fer2013.csv. 

Image Size: Each image in the dataset is grayscale and 

has a resolution of 48x48 pixels.    

Data Preprocessing: 

Normalize pixel values to be in the range [0, 1]. 

Augment data if necessary (e.g., rotation, flipping) to 
increase model generalization. deep convolutional 

neural networks. 

 Normalize Pixel Values: 

The purpose of normalizing pixel values is to bring 

them to a standard scale, typically in the range [0, 1]. 

This step is essential for neural networks as it helps in 

faster convergence during training and ensures that the 

model is not sensitive to the absolute values of pixel 

intensities. 

 

 

𝑋𝑛𝑜𝑟𝑚 =  
𝑋 − 𝑋𝑚𝑖𝑛

𝑋max  −  𝑋𝑚𝑖𝑛
 

 

X  be the original pixel value of an image, and X_norm 

be the normalized pixel value. 

X_min is the minimum pixel value in the image. 

X_max    is the maximum pixel value in the image. 

Data Augmentation: 

Data augmentation involves applying various 

transformations to the original images to increase the 

diversity of the training set. This, in turn, helps the 

model generalize better to different variations of facial 

expressions and poses. 

Augmentation Techniques: 

Rotation: Rotate the image by a random angle to 

simulate  different head orientations. 

Flipping: Flip the image horizontally to account for 

different lighting conditions and facial asymmetry. 

 

Zooming: Randomly zoom into the image to handle 

variations in facial size. 

Shearing: Apply shearing transformations to simulate 

non-rigid deformations. 

Brightness and Contrast Adjustment: 

Adjust the brightness and contrast to handle variations 
in lighting conditions. 

Data augmentation introduces variety into the training 

set, making the model more robust to different facial 

expressions, lighting conditions, and orientations. These 

preprocessing steps contribute to the overall 

effectiveness of training convolutional neural networks 

for facial emotion classification. 

Model Architectures use in research:-  

 

The "simple_CNN" model is designed for limited 

computational resources, with an input shape of (48, 48, 
1). It uses Conv2D layers with Batch Normalization and 

Activation functions, along with L2 regularization to 

prevent overfitting. Average pooling with a stride of 1 

maintains spatial information crucial for emotion 

detection. 

 

The "simpler_CNN" model operates on larger input 

dimensions (64, 64, 1) and employs a more aggressive 

pooling strategy (stride of 2) for computational 

efficiency, sacrificing some spatial resolution. 

 

Both "tiny_XCEPTION" and "mini_XCEPTION" 
models utilize separable convolutions to reduce 

computational complexity while maintaining 

performance. L2 regularization and max pooling with a 

stride of 2 balance accuracy and efficiency. 

 

The "big_XCEPTION" model offers extensive 

customizability for specialized applications, featuring 

complex architectures with separable convolutions and 

max pooling. It prioritizes feature richness and 

representation fidelity over explicit regularization. 

 
Figure 1 Architecture of CNN 
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Activation Functions: 

ReLU (Rectified Linear Unit) activation functions are 

used after each convolutional layer to introduce non-

linearity and improve the model's ability to learn 

complex patterns. 

Pooling and Downsampling: 

 

Average pooling layers are used to reduce the spatial 

dimensions of the feature maps while retaining 
important information. 

Max pooling layers are used in some architectures to 

downsample the feature maps. 

Dropout: 

Dropout layers are added to prevent overfitting by 

randomly setting a fraction of input units to zero during 

training. 

Global Average Pooling: 

Global average pooling layers are used to reduce the 

spatial dimensions of the feature maps to a single value 

per feature map, which is then fed into the softmax 
activation function for classification. 

Output Layer: 

The output layer consists of a softmax activation 

function, which provides the probabilities of each class 

(anger, disgust, fear, happiness, sadness, surprise, and 

neutral) for a given input image. 

Dlib model 

Dlib library includes face detection and landmark 

detection functions in it. DLib face detection uses 
histogram oriented methods (HOG) and lanedmark 

detection is based on Kazemi’s model . It returns 

different 68 feature points from a face. The below 

image demonstrates the positions of those 68 points 

identified on a face. 

 

Figure 2 DLib landmark points on face. 

The mathematical expression for obtaining these 68 

feature points involves a combination of techniques 

from machine learning, computer vision, and geometric 

 

 

 

Figure 3: Proposed Flow 

III. SIMULATION RESULT 

 In a project utilizing computer vision technology, the 

interface displays real-time facial expressions, 

predicting emotions from the camera feed. Video 

streaming continuously captures frames for facial 

expression analysis. The application uses the detect 

Multi Scale function to identify faces and extract their 

coordinates. For each face, a Region of Interest (ROI) is 

isolated and resized to fit the emotion recognition 

model's input dimensions. After preprocessing, the 
model computes probabilities for various emotions. 

This integration enables dynamic facial expression 

analysis, enhancing user interaction and understanding. 
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CNN Model Hyperparameters Table 

 

 

The "simple_CNN" model is designed for limited 
computational resources, with an input shape of (48, 48, 

1). It uses Conv2D layers with Batch Normalization and 

Activation functions, along with L2 regularization to 

prevent overfitting. Average pooling with a stride of 1 

maintains spatial information crucial for emotion 

detection. 

The "simpler_CNN" model operates on larger input 

dimensions (64, 64, 1) and employs a more aggressive 

pooling strategy (stride of 2) for computational 

efficiency, sacrificing some spatial resolution. 

Both "tiny_XCEPTION" and "mini_XCEPTION" 

models utilize separable convolutions to reduce 
computational complexity while maintaining 

performance. L2 regularization and max pooling with a 

stride of 2 balance accuracy and efficiency. 

The "big_XCEPTION" model offers extensive 

customizability for specialized applications, featuring 

complex architectures with separable convolutions and 

max pooling. It prioritizes feature richness and 

representation fidelity over explicit regularization. 

 

Figure 4: Detected landmark on face 

The CNN pre-trained model for facial landmark 

detection provided by the dlib library. it can detect 68 

specific points on a face, commonly referred to as facial 

landmarks. 

These facial landmarks correspond to various facial 

features such as eyes, nose, mouth, and jawline. The 68 

points include: 

17 points for the jawline 

10 points for the right eyebrow 

10 points for the left eyebrow 

22 points for the nose 

  21 points for the mouth 

 

The detected landmarks can be visualized by drawing 

points on the face image at the specified coordinates. 

Each point corresponds to a specific feature on the face. 

Figure 5: Landmark Point on black canvas using python 

open cv library 

To draw landmark points on a black canvas using the 

Python OpenCV library, you start by loading the shape  

Figure 6: Probabilities window 

predictor model which enables the detection of facial 

landmarks. Then, you initialize the webcam to capture 

frames. In the main loop, you read frames and convert 
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them to grayscale. Using the face detector, you identify 

faces in the grayscale frame. For each detected face, 

you predict the facial landmarks using the shape 

predictor. Once the landmark points are obtained, you 

draw circles at each point on the black canvas. 

Figure 6 show the "Probabilities" window in the context 

of emotion detection typically displays the real-time 

probabilities of different emotions being detected from 

a person's face. In a typical setup, a camera captures the 

person's face, and an emotion detection model 

processes the facial expressions to predict the likelihood 

of various emotions such as anger, disgust, fear, 

happiness, sadness, surprise, and neutrality. 

The "Probabilities" window dynamically updates to 

show these probabilities as they change in real-time 

based on the person's facial expressions. 

 

IV. CONCLUSION 

In conclusion, this project focuses on developing a 

robust deep learning model for classifying facial 
expressions into seven emotion categories. By 

leveraging the FER-2013 dataset and employing 

various preprocessing techniques, including data 

normalization and augmentation, the model is trained to 

accurately predict emotions from facial images captured 

in real-time. 

This research underscores the transformative potential 

of computer vision and deep learning in deciphering 

human emotions. By leveraging sophisticated 

algorithms and extensive datasets, the system not only 

enhances our understanding of facial expressions but 
also paves the way for emotionally intelligent systems 

in various domains, including human-computer 

interaction and artificial intelligence. Through 

continuous refinement and innovation, the project aims 

to push the boundaries of emotion recognition and 

foster deeper connections between humans and 

machines. 
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