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Abstract: Automated systems for stress recognition and emotion detection leveraging electroencephalography (EEG)
signals have emerged as cutting-edge tools in advancing mental health research and applications. This review offers an
in-depth exploration of EEG-based technologies, shedding light on their foundational principles, methodologies,
and practical implementations for interpreting stress and emotional states. Starting with an examination of EEG signal
acquisition and preprocessing techniques, it delves into the neural dynamics linked to stress and emotions, with a
focus on identifying critical EEG biomarkers. The discussion extends to include various machine learning and deep
learning strategies for feature extraction and classification, highlighting their effectiveness in real-time detection
scenarios. Furthermore, the review underscores the diverse applications of these technologies, ranging from
healthcare and therapeutic interventions to human-computer interaction, demonstrating their potential to improve
well-being and enhance user experiences. Key challenges, including signal artifacts, individual variability, and system
reliability, are also critically examined. The review concludes by exploring future research directions, advocating
for interdisciplinary collaborations and technological innovations to overcome existing limitations and drive progress in
the field. This comprehensive overview serves as a valuable resource for researchers, developers, and practitioners,
offering insights into the rapidly evolving domain of EEG-based stress and emotion detection systems and inspiring
advancements to support mental health and human-machine synergy

Index Terms- EEG, stress recognition, emotion detection, automated systems, mental health, neural machine
learning, deep learning, real-time detection, challenges.

. INTRODUCTION

Automated stress recognition and emotion detection systems have gained significant attention recently because of their
potential to transform how we assess and manage mental health. These systems use electroencephalography (EEG)
signals, which are a non-invasive and objective way to monitor a person's cognitive and emotional states in real-time.
EEG, placed on the scalp, provides excellent temporal resolution, allowing the capture of rapid changes in brain activity
related to various emotions and stress responses. It is especially useful for identifying neural patterns linked to specific
emotional states and stress.

One of the main challenges in these systems is accurately interpreting EEG signals. The brain's electrical activity is
complex and affected by various factors such as attention, arousal, and individual differences. Therefore, extracting
useful features from EEG data requires advanced signal processing methods and powerful machine learning
techniques. Machine learning plays a crucial role in these systems by helping to extract relevant features from raw EEG
signals and classify different emotional states and levels of stress. Both traditional algorithms like support vector
machines (SVMs) and random forests, as well as more advanced deep learning models such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNSs), have been explored for this purpose.

These systems have a wide range of applications, particularly in healthcare. They can help with the early detection and
management of mental health conditions like anxiety, depression, and PTSD. By providing real-time insights into a
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person’s emotional state, they can also improve the effectiveness of therapy and create personalized treatment plans. In
addition to healthcare, EEG-based stress recognition and emotion detection can enhance human-computer interaction,
affective computing, and consumer technology. They can be integrated into wearable devices, virtual reality, and smart
systems to personalize user experiences, adjust content, and adapt interfaces based on emotional states.

However, despite their promising potential, there are still challenges to overcome. These include improving signal
processing to reduce noise and artifacts, creating standardized methods for collecting and analysing data, and addressing
privacy and data security concerns. Ongoing review is focused on tackling these issues and pushing the field forward.
Future developments may involve combining EEG with other physiological signals like heart rate variability or facial
expressions, as well as integrating machine learning with computational neuroscience to enhance the understanding and
accuracy of these systems.

I1. Related Works

a) Fan, Qiu & Wang provided a comprehensive review of recent advancements in deep learning techniques for EEG-based
emotion recognition. It discusses various deep learning architectures, such as convolutional neural networks (CNNSs) and
recurrent neural networks (RNNSs), and their applications in extracting discriminative features from EEG signals for
emotion detection.

b) Theerthagiri’s survey paper examined the current state of machine learning approaches for stress detection using EEG
signals. It reviews different machine learning algorithms, including support vector machines (SVMs), random forests, and
deep learning models, and evaluates their performance in classifying stress states based on EEG data.

c) Selvi, Jayasheela discussed a real-time stress detection system based on EEG signals and convolutional neural networks (CNNs). It
proposes a novel CNN architecture designed to capture temporal dependencies in EEG data and achieve high accuracy in real-time
stress classification tasks.

d) Rajeshwari & Sangeetha proposed various feature extraction and selection methods employed in EEG-based emotion recognition
systems. It compares different feature extraction techniques, such as time-domain, frequency domain, and time- frequency analysis, and
evaluates their effectivenessin capturing emotional states from EEG signals.

e) Asghar and Khan’s study introduced a hybrid deep learning model for emotion recognition from EEG signals. The model combines
CNINs for feature extraction and LSTM (Long Short-Term Memory) networks for temporal modeling, achieving improved performance
inemotionclassificationtasks comparedtostandalone deep learning architectures.

f) Tanya & Girija’s study investigated the application of transfer learning techniques for cross-subject emotion recognition
from EEG signals. It explores how pre-trained deep learning models can be fine-tuned on a target subject's data to
improve generalization performance and adaptability across different individuals

g) Houssein & Hammad’s paper discusses the challenges and opportunities associated with exploring EEG correlates of
stress in real world environments. It addresses issues such as environmental noise, subject variability, and data collection
protocols, and proposes strategies for mitigating these challenges in real- world stress detection applications.
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I1l. Recognition and Detection Technique:
3.1. Dataset:

The EEG signals are gathered from standardized databases for the implementation of the suggested ESR framework. A
brief explanation of the gathered EEG signal source is provided in Table 1.

Sr.no |Dataset Site Description
1. https://kaggle.c This dataset contains both the raw & pre- processed signals. To gate
om/wavesresea gather EEG data, 40 individuals are taken into consideration. The

rch/eeg_stress

detection primary goal is to forecast short-term stress.

Tablel. Explanation of the Gathered EEG Signals

3.2 Challenges: Automated stress recognition and emotion detection using EEG signals face several challenges.
One major issue is the complexity of EEG signals, which are influenced by various factors such as attention, arousal,
and individual differences, making it difficult to accurately interpret the data. The presence of noise and artifacts, such as
eye blinks or muscle movements, can distort the signals, requiring advanced signal processing techniques to clean and
extract meaningful features.

Finally, integrating EEG with other physiological signals, like heart rate variability or facial expressions, is an area of
ongoing research to improve the accuracy and reliability of stress and emotion detection systems.

3.3. Block Diagram:

SVM, KNN, NB, NN,
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IV. Machine Learning Techniques in Stress Detection Technique:

Several methods have been developed incorporating statistical, structural and transform based approach for
personalized nutrition. A few methods have been outlined in brief using these approaches as indicated in the fig. 2. given
below.
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4.1. Classification by ML Algorithms:

Machine Learning (ML) algorithms play a crucial role in automated systems for stress detection and emotion recognition
by enabling the classification of physiological, behavioural, or contextual data into predefined emotional or stress-related
states. These systems typically use supervised learning algorithms, where labelled datasets of emotional or stress states are
used for training.

Commonly used ML algorithms include Support Vector Machines (SVM), Random Forests (RF), and k- Nearest
Neighbors (k-NN), known for their ability to handle multi-class classification problems effectively. Deep learning
techniques, such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNSs), are also employed
when working with high-dimensional data like images, audio, or time-series signals from wearable sensors.

Stress detection often involves physiological signals like heart rate variability (HRV), galvanic skin
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response (GSR), and EEG signals, which serve as input features. Emotion recognition may additionally use facial
expressions, voice tone, and textual sentiment analysis. Feature extraction and selection are critical for ensuring the
classifier’s performance, and techniques like Principal Component Analysis (PCA) or autoencoders are often used.
Performance metrics such as accuracy, precision, recall, and F1-score evaluate the classifier's reliability. Advanced
techniques like transfer learning can improve models’ adaptability to unseen data by leveraging pre-trained networks.
Additionally, ensemble methods like bagging and boosting combine multiple classifiers to enhance predictive
performance.

With the integration of real-time data processing and Internet of Things (1oT) devices, these systems are becoming more
practical for personalized stress and emotion management. However, challenges such as data variability, subjectivity of
emotions, and ensuring privacy and ethical use of sensitive data need careful attention.

PCA based Approach:

Principal Component Analysis (PCA) is a dimensionality reduction technique commonly used in automated stress
detection and emotion recognition systems. It transforms high-dimensional data into a lower- dimensional space while
retaining the most critical information, making it easier for machine learning algorithms to analyse and classify data.
Stress detection and emotion recognition systems often rely on multi-modal datasets, including physiological signals
(e.g., EEG, ECG, GSR), behavioural patterns, and visual or audio features. These datasets are usually high-dimensional
and may contain redundant or noisy features, which can reduce the performance of classification algorithms. PCA
addresses this by identifying the principal components that explain the maximum variance in the data, effectively reducing
noise and improving computational efficiency.

In these systems, PCA is typically used during the feature extraction or preprocessing stage. By selecting the top
components, it helps to focus on the most relevant features for classifying stress levels or emotional states. For example,
in EEG-based stress detection, PCA can reduce the dimensionality of brainwave signals, making it easier to identify
stress-related patterns.

Overall, PCA-based approaches enable more efficient and accurate stress detection and emotion recognition by
simplifying the data while preserving essential information, making them an integral part of modern Al- driven
psychological analysis systems.

ICA based Approach:

Independent Component Analysis (ICA) is a computational method for separating a multivariate signal into additive,
independent components. In automated stress detection and emotion recognition systems, ICA is particularly useful for
isolating relevant physiological or behavioural signals from mixed data, which is ‘often noisy and complex.

Stress detection often involves signals such as EEG, ECG, or GSR, where raw data may include artifacts like noise,
overlapping signals, or external disturbances. ICA helps by decomposing these signals into statistically independent
components, allowing the system to isolate stress-related features more effectively. For instance, in EEG-based systems,
ICA is widely used to remove artifacts caused by eye blinks, muscle movements, or electrical interference, enhancing the
quality of the data for further analysis.

In emotion recognition systems, ICA is applied to audio or video signals to separate emotional features from irrelevant
background noise or overlapping sources. This is particularly useful when multiple data sources (e.g., voice tone and
background noise) are captured simultaneously.

Feature based Approach:

Feature-based classification is a fundamental approach in automated stress detection and emotion recognition systems. It
involves extracting meaningful features from raw data and using these features to train machine learning classifiers to
identify stress levels or emotional states.

The process begins with feature extraction, where relevant characteristics are derived from physiological
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signals (e.g., EEG, ECG, GSR), behavioral data (e.g., facial expressions, body gestures), or contextual data (e.g.,
environmental factors). These features can be time-domain (e.g., signal amplitude), frequency-domain (e.g., power spectral
density), or statistical measures (e.g., variance, entropy).

In stress detection systems, features such as heart rate variability, skin conductivity, or alpha/beta wave ratios from EEG
signals are commonly used.

For emotion recognition, features like facial landmark coordinates, vocal tone pitch, or sentiment polarity in text may be
extracted. Feature selection techniques, such as Recursive Feature Elimination (RFE) or Mutual Information, help to
identify the most significant features, reducing dimensionality and enhancing classifier performance.

After feature extraction, these features are fed into machine learning algorithms like SVM, k-NN, Random Forests, or
deep learning models for classification. Feature-based methods excel in balancing interpretability and computational
efficiency, allowing researchers to analyze which characteristics contribute most to the classification decision.

4.2.1 Support Vector Machines (SVM):

Support Vector Machines (SVM) are widely used in automated stress detection and emotion recognition systems due to
their robustness and effectiveness in handling high-dimensional data. SVM is a supervised learning algorithm that aims to
find the optimal hyperplane that separates data into different classes.

In stress detection, physiological signals such as heart rate, EEG, and GSR are commonly used as input features. These
features are often non-linearly separable, making SVM with kernel functions (e.g., radial basis function or polynomial
kernels) particularly valuable.

The kernel trick enables SVM to project data into a higher-dimensional space, where a linear hyperplane can effectively
classify stress levels. For emotion recognition, SVM is applied to features derived from facial expressions, voice signals,
or text data. For example, facial landmark coordinates, audio pitch and tone, or text sentiment scores are processed by
SVM to distinguish emotional states such as happiness, anger, or sadness.

One key advantage of SVM is its ability to handle small datasets effectively, as it focuses on support vectors (critical data
points) rather than the entire dataset. This makes SVM particularly suitable for applications where labelled data is scarce.
SVM-based approaches are evaluated using metrics like accuracy, precision, recall, and F1-score to ensure reliability.
While SVM excels at binary classification, multi-class problems in emotion recognition are often addressed using
strategies like one-vs-one or one-vs-rest.

4.3.Deep Learning Model:

Deep learning has emerged as a powerful approach for automated stress detection and emotion recognition due to its
ability to learn complex, non-linear patterns directly from raw data. Unlike traditional machine learning methods, deep
learning minimizes the need for manual feature engineering by automatically extracting hierarchical features from input
data.

Deep learning models such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNSs), and Long
Short-Term Memory (LSTM) networks are widely used in these systems. CNNs are effective for spatial data like images
or EEG topographic maps, enabling emotion recognition through facial expressions or stress detection from physiological
signals. RNNs and LSTMs are particularly suited for temporal data, such as voice signals, EEG time-series, or textual
inputs, as they can capture sequential dependencies critical for understanding emotional or stress states.

For stress detection, deep learning models are trained on physiological data such as heart rate, GSR, or EEG signals to
identify patterns indicative of stress levels. For emotion recognition, inputs like facial images, audio recordings, or text are
fed into deep learning models, which output classifications such as happiness, sadness, anger, or stress.

One of the major advantages of deep learning is its scalability and ability to handle large, diverse datasets. It can uncover
subtle, high-dimensional patterns that are often missed by traditional methods. Additionally, transfer learning, where pre-
trained models are fine-tuned on specific datasets, has become a popular technique to improve performance with limited
labelled data.

Deep learning approaches, especially when combined with multi-modal inputs (e.g., combining EEG, facial, and audio
data), have proven to be highly effective in delivering accurate, robust, and scalable solutions for stress and emotion
recognition systems.
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CONCLUSION:

Recent advancements in EEG-based emotion recognition and stress detection have significantly benefited from the
integration of deep learning and machine learning techniques. Studies, such as those by Fan, Qiu, and Wang, highlight
the efficacy of architectures like CNNs and RNNSs in extracting discriminative features from EEG signals, while
Theerthagiri reviews various machine learning models, including SVMs, random forests, and deep learning approaches,
showcasing their effectiveness in stress classification. Selvi and Jayasheela propose a novel real-time stress detection
system leveraging CNNs to capture temporal dependencies in EEG data, demonstrating high accuracy. Similarly, Asghar
and Khan introduce a hybrid deep learning model combining CNNs for feature extraction and LSTMs for temporal
modelling, achieving superior performance in emotion classification.

Complementary to these advancements, feature extraction and selection techniques, as discussed by Rajeshwari and
Sangeetha, are crucial in improving the accuracy of emotion recognition by effectively capturing time-domain,
frequency-domain, and time-frequency features. Tanya and Girija explore transfer learning to enhance cross-subject
generalization, demonstrating how pre-trained models can be fine-tuned for individual adaptability. Lastly, Houssein and
Hammad address real-world challenges in EEG-based stress detection, including environmental noise and subject
variability, and propose strategies to mitigate these issues for practical applications. Together, these studies underscore the
potential of combining advanced machine learning techniques with robust feature extraction and adaptive strategies to
improve the accuracy, efficiency, and real-world applicability of EEG-based emotion and stress detection systems.

Despite the significant progress made so far, there are still many areas for further research and development in EEG-based
systems for detecting stress and emotions. One key area is exploring how EEG signals relate to stress and emotions in
real-life situations, like in workplaces, schools, and everyday environments.
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