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Epilepsy detection method based on multi-scale adaptive residual network
ZHANG Peiling, HOU Kang
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Abstract: A novel approach based on multi-scale adaptive residual network (MSAR) is proposed to address the issues of

single input data and inadequate feature extraction in current epilepsy detection approaches. The first 5 orders intrinsic mode

functions for electroencephalography signal is obtained using empirical mode decomposition, and the decomposed the first 5

Subsequently, the signal features extracted by MSAR are fused and input into the fully connected layer to realize
notable improvement above the existing methods.

attention mechanism

orders intrinsic mode functions are input into MSAR which incorporates CBAM-Residual and multi-scale adaptive
classification. The proposed approach obtains a classification accuracy of 98.94% on the CHB-MIT dataset, which is a

convolutional network to extract multi-scale time-frequency information as well as fine-grained features of the signal.
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Figure 1 Multi—scale adaptive residual network for epilepsy detection
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Table 1 Channel selection information
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Figure 2 Flowchart of EEG decomposition using EMD
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Figure 3 Correlation coefficient and energy proportion of IMF
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Table 4 Comparison of classification results of different methods
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