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Empirical mode decomposition and deep learning for classifying and analyzing

electroencephalography signals of depression patients
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Abstract: Empirical mode decomposition (EMD) was used to denoise the original electroencephalography (EEG) signal of
depression patients and normal controls, and convolutional neural networks (CNN) was applied to make a classification analysis
for depression patients and normal controls. The resting-state EEG signals at Fp1 collected from 15 depression patients and 15
normal controls were denoised with EMD. The original signals were decomposed with EMD method to obtain the intrinsic mode
function of different layers which were analyzed with frequency-domain analysis, and the noise signals were removed with hard
threshold method. Finally, CNN was applied to perform binary classification for the signals from depression patients and normal
controls, and the results showed that the classification accuracy of CNN is significantly higher than that of feature extraction-
machine learning algorithm.
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Fig.1 Original electroencephalography (EEG) signal
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Fig.2 Filtered EEG signal
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Fig.3 Decomposed EEG signal of IMF1-IMF5
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Fig.4 Frequency spectrum of IMF1-IMF5
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Tab.1 Classification accuracy of CNN and other algorithms

Algorithm Feature extraction method Accuracy/%
SVM Wavelet-fluctuate index 86.70
SVM EMD-fluctuate index 90.00
Logistic Wavelet-fluctuate index 83.30
Logistic EMD- fluctuate index 80.00
CNN Reconstructed EEG 96.70

SVM: Support vector machine; EMD: Empirical mode decomposition
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