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Abstract – Emotion recognition from EEG (electroencephalography) signals is a 
challenging yet promising area of research, with applications ranging from mental health 
monitoring to adaptive human-computer interactions. Traditional approaches, such as those 
using Random Forest algorithms, have shown potential but often fall short in effectively 
capturing the complex temporal and spatial patterns inherent in EEG data. In this study, we 
propose a novel framework employing Multi-Scale Masked Autoencoders (MSMAE) 
combined with Convolutional Neural Networks (CNNs) for cross-session emotion 
recognition. Utilizing the Seed IV EEG dataset, our method leverages the multi-scale 
feature extraction capabilities of MSMAE to handle varying signal frequencies and the 
powerful pattern recognition abilities of CNNs to enhance classification accuracy. The 
MSMAE framework pre-trains the CNN by reconstructing the masked EEG signals at 
different scales, enabling it to learn robust and generalized features across different 
sessions. Comparative evaluations demonstrate that our proposed MSMAE-CNN model 
significantly outperforms the existing Random Forest algorithm, providing a more reliable 
and effective solution for emotion recognition in diverse and dynamic environments. This 
advancement not only highlights the potential of deep learning models in EEG-based 
emotion recognition but also sets a new benchmark for future research in this field.  
 

 Index Terms – Multi-Scale Masked Autoencoders (MSMAE), Electroencephalogram 
(EEG), Dataset for Emotion Analysis using Physiological Signals, Long-Short Term 
Memory (LSTM), Galvanic Skin Response (GSR), Convolutional Neural Networks (CNN), 
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Human-computer Interaction (HCI), Peripheral Nervous System (PNS), Finite Impulse 
Response (FIR), Electrocardiogram (ECG)  

I.  INTRODUCTION  

Emotion recognition using EEG signals has gained significant attention in recent years due to its 
vast applications in brain-computer interfaces (BCIs), affective computing, mental health monitoring, and 
human-computer interaction. EEG signals provide an objective and direct measure of brain activity, 
making them a valuable modality for understanding human emotions. However, a major challenge in EEG-
based emotion recognition is the variability of signals across different sessions and individuals. Factors 
such as electrode placement variations, physiological changes, environmental noise, and cognitive states 
contribute to inconsistencies in EEG recordings, making it difficult for models to generalize effectively. 
Traditional deep learning models, such as Convolutional Neural Networks (CNNs) and Long Short-Term 
Memory (LSTM) networks, often struggle with crosssession variations, requiring extensive retraining and 
large labeled datasets to maintain accuracy. To address these challenges, multiscale autoencoders with 
cross-session adaptation have been proposed as a powerful approach to improving EEG-based emotion 
recognition.  
  

Multiscale autoencoders are a specialized type of neural network that learn hierarchical feature 
representations by capturing EEG signal patterns at different temporal and spatial scales. Unlike 
conventional feature extraction methods that focus on a single resolution, multiscale autoencoders process 
EEG signals at multiple resolutions, enabling the detection of both fine-grained and highlevel features. 
The autoencoder architecture consists of an encoder that compresses input data into a lower-dimensional 
representation and a decoder that reconstructs the original signal, allowing the model to learn meaningful 
latent features. By leveraging self-supervised learning, multiscale autoencoders can extract compact, 
noise-robust features from EEG signals without requiring extensive labeled data, which is often a 
limitation in EEG-based studies.  
  

Despite the effectiveness of multiscale autoencoders in feature extraction, cross-session adaptation 
is essential to ensure model generalization across different recording sessions. Cross-session adaptation 
techniques mitigate session-dependent variations by aligning feature distributions and improving model 
robustness. Several adaptation strategies, such as domain adaptation, transfer learning, and adversarial 
training, have been explored to bridge the gap between EEG sessions. Domain adaptation techniques aim 
to minimize the distributional differences between source and target session data, ensuring consistent 
feature representations. Transfer learning leverages pretrained models and fine-tunes them on new session 
data, reducing the need for large labeled datasets. Adversarial training introduces a domain discriminator 
to encourage the model to learn invariant features across sessions, improving generalization. By 
incorporating these techniques, emotion recognition models can perform reliably even when faced with 
variations in EEG recordings over time.  
  

The integration of multiscale autoencoders with cross-session adaptation presents a promising 
direction for EEG-based emotion recognition. This approach enhances the model’s ability to extract 
discriminative features while reducing the impact of session-dependent variations, leading to improved 
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classification accuracy and reliability. Furthermore, it minimizes the need for extensive manual 
calibration, making EEG-based emotion recognition more practical for real-world.  

 
II.  LITERATURE SURVEY  

Recent studies have explored	Emotion recognition using EEG signals has been extensively studied, 
with researchers employing machine learning and deep learning techniques to improve classification 
accuracy. Early approaches relied on handcrafted feature extraction methods such as power spectral 
density and wavelet transforms, followed by classifiers like Support Vector Machines (SVMs) and k-
Nearest Neighbors (k-NN). However, these methods struggled with generalization due to EEG signal 
variability across sessions. Autoencoders (AEs) are widely used for unsupervised feature extraction and 
dimensionality reduction. An autoencoder consists of an encoder and decoder, where the encoder 
compresses input data into a latent space and the decoder reconstructs it. These models have been applied 
to emotion recognition, particularly in extracting robust features from speech and facial expressions  
 

Deep learning models, including Convolutional Neural Networks (CNNs) and Long Short-Term 
Memory (LSTM) networks, have demonstrated improved performance by automatically extracting 
features from raw EEG data. However, they require large labeled datasets and are sensitive to cross-session 
variability. To address this, multiscale autoencoders have been introduced to capture hierarchical features 
at different temporal and spatial resolutions, improving noise resistance and feature extraction  Cross-
session adaptation techniques, such as domain adaptation and transfer learning, further enhance model 
generalization by aligning EEG feature distributions across sessions. Adversarial learning and feature 
alignment have shown promise in mitigating session-dependent variations. Recent studies have integrated 
multiscale autoencoders with cross-session adaptation, achieving higher accuracy and robustness. 
However, challenges remain in optimizing adaptation mechanisms and handling inter-subject variability. 
Future research should explore hybrid models and multimodal integration to enhance realworld 
applicability in affective computing and healthcare.  

 
 
III. METHODS & MATERIALS  
  

The proposed emotion recognition system utilizes multiscale autoencoders with cross-session 
adaptation to enhance the accuracy and robustness of EEG-based emotion classification. The methodology 
consists of several key stages, including data acquisition, preprocessing, feature extraction, model training, 
and cross-session adaptation. 
 
The challenges of session variability, such as environmental differences and individual variations. The 
core idea is to develop a robust emotion recognition system that works effectively across multiple sessions, 
ensuring consistent performance in diverse conditions. 
The approach begins with data preprocessing, where both audio and visual features are extracted. For 
audio, features like Mel-frequency cepstral coefficients (MFCCs) and spectral features are used, while for 
visual data, facial action units (AUs) and deep CNN features are extracted from facial expressions. 
Temporal alignment ensures that both modalities are synchronized. 
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The Multi-Scale Autoencoder architecture is used to learn hierarchical, multi-scale representations from 
both audio and visual data. The encoder employs varying filter sizes and strides to capture local and global 
features, which are then fused at a shared representation layer. The bottleneck layer compresses these 
features, and the decoder reconstructs them, ensuring that the learned representations are both meaningful 
and efficient. This architecture allows the model to capture complex emotional patterns across different 
modalities. 
 
To tackle cross-session variability, the methodology integrates domain adaptation techniques, such as 
adversarial training and feature alignment, to minimize session-specific discrepancies. Few-shot learning 
and session normalization are also employed to ensure the model can generalize across new, unseen 
sessions with minimal labeled data.  
Finally, the emotion classification is performed using a fully connected neural network or SVM, with loss 
functions combining reconstruction and classification losses. The model is evaluated for performance 
across multiple sessions, with metrics like accuracy, F1 score, and confusion matrices to gauge its 
robustness and generalization ability. 
 
1 Data Acquisition  

EEG signals were collected from subjects as they experienced emotional stimuli (e.g., images, videos, or 
audio). These signals were labeled into different emotional states such as positive, negative, and neutral 
based on self-reported responses or physiological markers.  
  

2. EEG Preprocessing  
To ensure high-quality data, the recorded EEG signals were preprocessed using the following techniques:  
Band-pass filtering (0.5–50 Hz) to remove noise and artifacts.  
Independent Component Analysis (ICA) to eliminate eye blink and muscle movement artifacts. 
Segmentation into fixed-length time windows (e.g., 2–4 seconds) for further processing.  
  

3. Feature Extraction with Multiscale Autoencoders  
A multiscale autoencoder (MSAE) was employed to extract meaningful features from EEG signals:  
The EEG signal was decomposed into multiple temporal and spectral scales.  
A hierarchical autoencoder architecture was used to learn latent representations at different levels of 
abstraction. The autoencoder was trained to reconstruct EEG data while learning a compact feature 
representation.  



		

    
 

	 

710	

 
  

Fig. 1: Representation of Emotions 
4 Cross-Session Adaptation  

To ensure model generalization across different sessions, domain adaptation techniques were 
incorporated:  
Adversarial domain adaptation: aligned feature distributions across sessions.  
Transfer learning: fine-tuned the model on new session data to minimize session variability.  
Batch normalization and regularization: were applied to improve stability.  

 
Fig. 2: Emotion Analysis of Datasets 

  
  
5 Classification and Evaluation  

The extracted features were fed into a classifier (e.g., Softmax, SVM, or a fully connected neural 
network) to predict the emotional state. Performance was evaluated using:  
Accuracy, precision, recall, and F1-score: to assess classification quality.  
Confusion matrices: to analyze misclassifications.  
Cross-session validation: to measure robustness.  

  
B. Proposed Methodology  
The first step is to gather a diverse set of data containing both audio and visual modalities, as these two 
are essential for emotion recognition. The dataset should ideally be multi-session, meaning data is 
collected over multiple sessions from various individuals. Each session may include different recording 
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conditions (e.g., background noise, lighting, camera angle, etc.) to ensure the model’s robustness. 
Examples of popular datasets for this task include:  

• AffectNet (for facial expressions)  
• RAVDESS (for audio-based emotion)  
• EmoReact (for a combination of both audio-visual data)  

  

 
Fig. 3: Proposed Model for Recognition 

 
The proposed system for cross-session emotion recognition employs a structured approach utilizing the 
SEED IV EEG dataset sourced from Kaggle. Initially, the raw EEG data undergoes preprocessing using a 
Finite Impulse Response (FIR) filter to remove noise and artifacts, ensuring cleaner and more reliable 
signals for analysis. Post-preprocessing, the dataset is split into training and testing subsets to evaluate 
model performance. For classification, two distinct approaches are employed: a traditional Random Forest 
classifier and a novel Multi-Scale Masked Autoencoder Convolutional Neural Network (MSMAE-CNN). 
The MSMAE-CNN integrates multi-scale feature extraction with masked data reconstruction, aiming to 
enhance the model's ability to generalize across different sessions.  
Performance is assessed based on accuracy, error rate, and execution time, providing a comprehensive 
evaluation of each model's effectiveness. The system predicts three emotional states—negative, positive, 
and neutral—demonstrating its capability to discern complex emotional patterns from EEG data and its 
potential for application in real-world emotion recognition tasks.  

ADVANTAGES:  

• By employing a novel Multi-Scale Masked Autoencoder Convolutional Neural Network 
(MSMAECNN), the system can capture a wide range of features at different granularities, improving 
its ability to generalize across varying sessions and conditions.  

• Robust Noise Handling: The preprocessing step using Finite Impulse Response (FIR) filtering 
effectively removes noise and artifacts from the EEG data, resulting in cleaner signals that enhance 
the accuracy and reliability of emotion recognition.  
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IV.   RESULT & DISCUSSION   
  
This part discusses the proposed emotion recognition model, integrating multiscale autoencoders with 
cross-session adaptation, was evaluated using standard EEG datasets. The model's performance was 
measured using accuracy, precision, recall, and F1-score, demonstrating significant improvements over 
traditional deep learning models.  
  
Results showed that the model achieved an accuracy of 85-90%, outperforming conventional CNN and 
LSTM-based methods, which struggled with session-dependent variations. The use of multiscale 
autoencoders allowed for hierarchical feature extraction, capturing both fine and high-level EEG signal 
representations. Additionally, cross-session adaptation techniques, such as domain adaptation and transfer 
learning, reduced accuracy degradation across different recording sessions.   
  
Evaluating a machine learning model is essential for assessing its effectiveness. Various metrics are used 
for model evaluation, and selecting the most suitable ones is crucial for optimizing performance. Since 
disease detection is typically a binary classification problem, data is categorized as either positive or 
negative. The following key terms are used to define additional evaluation metrics:   
   

• True Positive (TP): A positive case correctly identified as positive.   
• True Negative (TN): A negative case correctly identified as negative.   
• False Positive (FP): A negative case incorrectly classified as positive.   
• False Negative (FN): A positive case incorrectly classified as negative.   

  
Despite its advantages, the model has higher computational requirements due to complex feature extraction 
and adaptation mechanisms. Training time increased due to multiscale processing and domain adaptation, 
making real-time implementation challenging. Future optimizations could focus on reducing 
computational complexity for faster inference.  
The findings indicate that the proposed model enhances robustness and generalization, making it suitable 
for mental health monitoring, affective computing, and human-computer interaction. Further 
improvements could involve hybrid architectures and multimodal integration for real-world deployment.		 

 
Fig. 4: Performance of Model 
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• Effectiveness of Multi-Scale Representation: By capturing diverse aspects of EEG signals, the 
multi-scale representation provides comprehensive information, enhancing the model's ability to 
generalize across sessions.  

 
Fig. 5: Comparison of Dataset performance  

  
• Improved Masking Mechanism: The enhanced masking strategy effectively addresses issues 

related to missing channels and preserves inter-channel relationships, contributing to robust 
channel-level representation learning.  
  

• Invariance Learning: Focusing on regional correlations in spatial-level representation minimizes 
inter-subject and inter-session variances, further improving the model's adaptability to new 
sessions.  

              

 
             

Fig. 6: Confusion Matrix of the Model  
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The confusion matrix in Table 1 provides insights into the classification performance of the Extreme 
Learning Machine (ELM) model applied to the cattle lumpy skin disease dataset. The results indicate a 
strong ability to correctly classify affected body regions, with the highest accuracy observed in areas such 
as the ear, tail, and elbow, where the classifier performed exceptionally well. This denotes that distinct 
visual pattern in these regions improve detection accuracy. Some bodily parts are misclassified despite 
excellent performance. For example, the stomach group is sometimes mislabeled because it is comparable 
to the ear, thigh, and brisket categories. Similarly, incorrectly identifying the breast and pin regions implies 
overlapping features that could have impacted the classifier's logic. Even though these are minor errors, 
they indicate the demand for further effort.   
Other techniques could enhance classification accuracy, such as altering model hyperparameters, 
improving feature extraction methods, and diversifying datasets. Advanced photo preparation techniques 
also make differentiating between closely linked regions easier. Although the model performs well in 
categorization, a few minor adjustments could help it differentiate impacted areas even more accurately.   
  
  
IV.  CONCLUSION AND FUTURE WORK  

This study used the proposed system for cross-session emotion recognition using the SEED IV EEG dataset 
presents a robust and comprehensive approach by combining advanced preprocessing, classification, and 
performance evaluation techniques. The use of Finite Impulse Response (FIR) filtering effectively reduces noise, 
while data splitting ensures a reliable framework for model training and testing. By incorporating both traditional 
Random Forest and cutting-edge Multi-Scale Masked Autoencoder Convolutional Neural Network (MSMAECNN) 
classifiers, the system demonstrates its ability to predict emotional states with high accuracy. Performance metrics, 
including accuracy, error rate, and execution time, provide essential insights into the overall effectiveness and 
efficiency of the classification models.  
  
The system’s ability to predict negative, positive, and neutral emotions showcases its potential in various real-world 
applications, such as mental health monitoring, human-computer interaction, and adaptive user interfaces. By 
offering accurate and real-time emotion detection, the system can improve interactions in fields like virtual reality, 
gaming, and assistive technologies, making it a valuable tool for enhancing personalized experiences. Furthermore, 
the flexibility of the system in handling cross-session data makes it suitable for long-term, real-world use, where 
emotions may vary across different sessions or environments. With its promising performance and adaptability, this 
emotion recognition system paves the way for future innovations in emotional AI and interactive technologies.  
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