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ABSTRACT: Emotion recognition is a growing field with applications in mental health monitoring, human-computer
interaction, and cognitive science. Traditional methods for emotion detection, such as facial expression analysis, voice
modulation, and physiological sensors, have limitations in accuracy and real-time applicability.
Electroencephalography (EEG) provides a promising alternative by capturing brainwave patterns associated with
different emotional states. This project aims to develop a deep learning-based Emotional State Classifier using EEG
signals to predict human emotions accurately. The system leverages PyTorch for deep learning and Flask for
deployment, providing an interactive web application where users can upload EEG data and receive emotion
predictions. The process begins with EEG signal acquisition, where raw brainwave data is collected. The data
undergoes preprocessing, including noise reduction, normalization, and feature extraction, to prepare it for model
training. A deep learning model, trained on labeled EEG datasets, classifies the signals into different emotional states
such as happy, sad, neutral, and stressed. The trained model is then deployed into a Flask-based web interface, allowing
users to interact with the system in real-time. This report covers the methodology, system architecture, data processing
techniques, and model training procedures. It also discusses system implementation, testing strategies, and performance
evaluation metrics such as accuracy, precision, recall, and Fl-score. Finally, potential future enhancements are
explored, including integrating real-time EEG acquisition, expanding datasets, and improving classification accuracy
using more advanced deep learning techniques such as Convolutional Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs). This system provides a foundation for further research in EEG-based emotion recognition and
contributes to the advancement of artificial intelligence in affective computing and mental health monitoring
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I. INTRODUCTION

Emotion recognition is a crucial field of study with applications in mental health monitoring, human-computer
interaction (HCI), cognitive research, and affective computing. Emotions influence human decision-making, social
interactions, and overall well-being, making their accurate detection essential for various fields, including psychology,
healthcare, and artificial intelligence (AI). Traditional emotion recognition techniques primarily rely on facial
expression analysis, speech tone modulation, and physiological sensors (such as heart rate and skin conductance).
While these methods are widely used, they suffer from several limitations. Facial expressions and speech-based
approaches can be affected by external factors such as lighting conditions, speech impairments, or voluntary
suppression of emotions. Physiological sensor-based methods can be intrusive and require direct contact with the user,
which may not always be comfortable or feasible. Electroencephalography (EEG) provides an alternative approach by
capturing realtime electrical activity of the brain. EEG signals reflect brainwave patterns associated with different
emotional states, making them a powerful tool for objective and non-invasive emotion detection. EEG-based emotion
recognition is gaining popularity due to its ability to provide direct insights into neurological activity, offering higher
accuracy in emotion classification compared to traditional methods. This project proposes an EEG-based emotional
state classification system using deep learning techniques. The system aims to process raw EEG signals, extract
meaningful features, and classify emotions into different categories such as happy, sad, stressed, and neutral. The
system is built using PyTorch for deep learning and Flask for deployment, allowing users to upload EEG data and
receive automated emotion predictions through a web-based interface. This report covers the system's architecture, data
acquisition process, preprocessing techniques, model training, evaluation, and deployment strategies. Furthermore, we
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discuss the challenges and potential improvements in EEG-based emotion classification, along with future
enhancements that could improve real-time performance and accuracy.

II. METHODOLOGY

The methodology for this project involves several key stages, starting with the acquisition of EEG data from open-
source datasets labeled with emotional states such as happy, sad, neutral, and stressed. The raw EEG signals undergo
preprocessing steps including noise removal using bandpass filtering, normalization, segmentation, and optional feature
extraction techniques like FFT or Wavelet Transform to enhance signal quality. A deep learning model, primarily based
on Convolutional Neural Networks (CNN) and optionally combined with Recurrent Neural Networks (RNN) or LSTM
layers, is developed using PyTorch to learn spatial and temporal patterns in the EEG signals. The model is trained and
validated using split data and evaluated with metrics such as accuracy, precision, recall, F1-score, and confusion matrix.
Once trained, the model is integrated into a Flask-based web application that allows users to upload EEG files and
receive emotion predictions in real-time through a user-friendly interface. The architecture includes a PyTorch model at
the backend, HTML/CSS frontend, and Flask handling the logic. Future enhancements include integrating real-time
EEG acquisition, expanding datasets, and improving accuracy with advanced models such as attention-based deep
networks.

III. RELATED WORK

Several research efforts have explored emotion recognition using EEG signals due to the increasing demand for
affective computing and mental health applications. Traditional approaches have relied on machine learning algorithms
like SVM, k-NN, and Decision Trees using handcrafted features extracted from EEG signals; however, these methods
often struggle with scalability and generalization. Studies such as those using the DEAP and SEED datasets have
shown promising results by applying deep learning techniques like CNNs and LSTMs, which automatically learn
spatial and temporal features from raw EEG data, significantly improving classification accuracy. Recent work has also
explored hybrid models combining CNN with RNNs to capture both frequency-based and sequential information from
brain signals. In addition, some studies have implemented real-time systems using portable EEG devices, showing the
practical feasibility of deploying emotion detection models in interactive environments. Building on this foundation,
the proposed project advances the field by integrating a deep learning-based classifier within a user-friendly web
application using Flask, enabling real-time EEG-based emotion recognition with improved accessibility and
performance.

IV. RESULT

The results of this project demonstrate the effectiveness of deep learning models in classifying emotional states from EEG
signals with high accuracy. After preprocessing and training on the labeled EEG dataset, the Convolutional Neural Network
(CNN)-based model achieved an overall classification accuracy of around 85-90%, with strong performance across multiple
emotion categories such as happy, sad, neutral, and stressed. Evaluation metrics including precision, recall, and F1-score
confirmed the model’s ability to reliably detect emotions, with minimal false positives or negatives. The system was
successfully deployed using Flask, allowing real-time predictions through a web interface where users can upload EEG data
files and instantly receive emotion classifications. Visual outputs and predictions were presented clearly, making the tool
practical for users. The results indicate that EEG signals combined with deep learning techniques provide a promising
solution for emotion recognition, with potential applications in mental health monitoring, stress detection, and human-
computer interaction systems.
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Figure 1: Brainwave State Prediction Interface Using EEG Data

The image illustrates the user interface of a deep learning-based web application designed for brainwave state
prediction using EEG signals. At the top, users can upload their EEG data files through a simple "Upload EEG File"
button. Once the data is uploaded, it is visually represented through a line graph that displays the EEG signal values
over different intervals, allowing users to observe the pattern of brainwave activity. A button labeled "Analyze Brain
State" initiates the backend analysis, which processes the EEG signals using a trained deep learning model. The results
are then displayed in a summary panel that includes the predicted emotional state (e.g., Relaxed), an estimated 1Q level
(e.g., 111), and the dominant brainwave type (e.g., Alpha Dominant). This interface demonstrates an integrated
approach to emotion and cognitive state recognition, making it user-friendly and suitable for applications in mental
health assessment, cognitive research, and human-computer interaction.
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Figure 2: EEG-Based Emotion and IQ Prediction Interface with Visualization

The displayed interface represents the core functionality of the EEG-based emotion classification system, where users
can upload EEG data files for analysis. Once the file is uploaded, the system processes the input and visualizes the
extracted EEG signal values through a line graph, offering a clear view of the brainwave patterns. Below the
visualization, the system provides detailed brain state and 1Q analysis, including the predicted emotional state—in this
instance, "Stressed"—alongside an estimated IQ level of 128 and the dominant brainwave type identified as "Beta
Dominant." This interactive visualization and analysis enable users to understand their cognitive and emotional
conditions, leveraging deep learning techniques integrated into a user-friendly Flask-based web platform.
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V. DISCUSSION

The results of this project highlight the significant potential of using EEG signals and deep learning techniques for
accurate emotion recognition. The deep learning model, particularly the CNN architecture, effectively captured spatial
patterns in the EEG data, leading to high classification performance. Compared to traditional machine learning
approaches that depend heavily on manual feature extraction, the deep learning model demonstrated better
generalization and scalability by learning features automatically from raw input. The successful integration of the
model into a Flask-based web application also shows the system's practical usability for real-time emotion prediction.
However, certain challenges were observed, including variability in EEG signal quality and limited data for specific
emotion classes, which may affect overall model robustness. Additionally, while the current system works with offline
EEG data, integrating real-time acquisition devices could further enhance its utility in live settings. Overall, the
discussion confirms that EEG-based emotion recognition is both feasible and valuable, with room for further
enhancement through more advanced neural network architectures, larger and more diverse datasets, and real-time
system improvements.

VI. CONCLUSION

In conclusion, this project successfully demonstrates the viability of using deep learning techniques, specifically
Convolutional Neural Networks (CNNs), for accurate emotion recognition based on EEG signals. By leveraging EEG
data and automating feature extraction through deep learning, the system achieved high accuracy in classifying
emotional states such as happy, sad, neutral, and stressed. The integration of the trained model into a Flask-based web
application provided a user-friendly platform for real-time emotion prediction, showcasing the practical applicability of
the system. This project not only contributes to advancements in affective computing and mental health monitoring but
also lays the foundation for future enhancements such as real-time EEG device integration, expanded emotion
categories, and more sophisticated deep learning architectures. Overall, the project proves to be a valuable step toward
intelligent and emotion-aware systems powered by neural signal analysis..
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