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EEG Emotion Recognition Method Based on SDAE and RELM
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[ Abstract] The Stacked Auto-Encoders(SAE) used by the existing emotion recognition methods are limited by the low
convergence speed at the back/propagation stage, and tend to fall into local optimality. To address the problem, an
emotion recognition method is proposed based on Stacked Denoising Auto-Encoder (SDAE) and Regularized Extreme
Learning Machine(RELM).The method first requires the extraction of the initial features that characterize the emotional
state from the time domain, frequency domain, and time-frequency domain of the Electroencephalogram (EEG) signals.
Then SDAE is used for unsupervised feature learning to extract high-level abstract representations of the initial features.
In the regression layer of the network, RELM is used for emotion classification. The experimental results on the DEAP
data set show that the proposed method displays significant improvements in real-time performance, accuracy and
generalization performance compared with SDAE,DT,KNN and other machine learning-based methods.
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Fig.1 Three-dimensional emotion model
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Table 1 Description of the four initial EEG signal features
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Table 2 Discrete wavelet decomposition
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Fig.7 Comparison of recognition accuracy of different

model parameter combinations in three dimensions
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Table 6 Comparison of recognition performance of
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Fig.8 Comparison of classification performance of five

models with different number of training samples
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Table 7 Comparison of classification accuracy of

different methods %

Iy ik oy AR e 5 i A ez
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