Journal of Intelligent Procedures in Electrical Technology

J | PET Vol. 16/ No. 64/ Winter 2026

P-ISSN: 2322-3871, E-ISSN: 2345-5594, http://jipet.iaun.ac.ir/

https://dorl.net/dor/20.1001.........c..cccceeveerrernnnne.
Research Article

Evaluation of Deep Neural Networks in Emotion Recognition Using
Electroencephalography Signal Patterns

Azin Kermanshahian®?, M.Sc., Mahdi Khezri?, Assistant Professor

!Department of Electrical Engineering- Najafabad Branch, Islamic Azad University, Najafabad, Iran
2Digital Processing and Machine Vision Research Center- Najafabad Branch, Islamic Azad University,
Najafabad, Iran
a.kermanshahian@gmail.com, mahdi.khezri@pel.iaun.ac.ir

Abstract

In this study, the design of a reliable detection system that is able to identify different emotions with
the desired accuracy has been considered. To reach this goal, two different structures for the emotion
recognition system include 1) using linear and non-linear features of the electroencephalography
(EEG) signal along with common classifiers and 2) using EEG signal in a deep learning structure is
considered to identify emotional states. To design the system, the EEG signals of the DEAP database
which were recorded by displaying emotional videos from 32 subjects were used. After the
preparation and noise removal, linear and non-linear features such as: Skewness, Kurtosis, Hjorth
parameters, Lyapunov exponent, Shannon entropy, correlation and fractal dimension and time
reversibility were extracted from the alpha, beta and gamma subbands of the EEG signals. Then
according to structure 1, the features were applied as input to common classifiers such as decision tree
(DT), k nearest neighbor (kNN) and support vector machine (SVM). Also in structure 2, the EEG
signal was considered as the input of the convoloutional neural network (CNN). The goal is to
evaluate the results of deep learning networks and other methods for emotion recognition. According
to the obtained results, the SVM achieved the best performance for identifying four emotional states
with 94.1 % accuracy. Also, the proposed CNN identified the desired emotional states with the
accuracy of 86%. Deep learning methods are superior to simple classifiers because they do not require
the features of the signals and are resistant to different noises. Using a short period of time for the
signals and performing near optimal preprocessing and conditioning, can further improve the results of
deep neural networks.
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Figure (1): Structure of a convolutional neural newtwork [24]
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Table (2): Formulas of different stages of convolutional neural network [26,27]
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Figure (2): Diagram of the proposed convolutional neural network [28]
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Figure (5): Display of the signal after applying the filtering steps
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Figure (6): Display of the signal amplitude function in the frequency domain after applying different stages of filtering
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Table (4): The results obtained in the identification of emotional states by applying traditional classification methods
i gamaids sla gy Jleel b bl glacdl>  Slolis )0 oael Cawdds mls () Jgax

wsaib ¢oi (w0y3) Copwlu (W0y3) (S8 (o OF 393
bty s el ¥ ./4 /)
alean o 205 K YENY YoIA yajs

JUPEICERN YYIY YA/ YEIY

Table (5): The results obtained in the identification of emotional states using CNN for two different types of input
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Figure (7): Data processing in convolutional neural network training, (a) loss function and (b) classification accuracy
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Table (6): Comparing the results of the system designed to identify emotional states in the present study with the results of previoust studies
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yical signals 45. Fully connected layer
18. Electrocardiogram 46. Feed forward
19. Electrooculogram 47. Backpropagation
20. Skin conductance 48. Transferred learning
21. Photoplethysmography 49. Activation function
22. Butterworth bandpass filter 50. Rectified linear unit
23. Finite impulse response 51. Learning rate
24. Wavelet Transform 52. K-fold cross validation
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