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Abstract Aiming at the detection of epileptic EEG signals,a method of detecting epileptic EEG signals based on Tunable Q-fac-
tor wavelet transform and transfer learning is proposed. Firstly, the EEG signals are transformed by Tunable Q-factor wavelet
transform,and the subbands with large energy differences are selected for partial reconstruction. The reconstructed signals are re-
arranged and expressed as two-dimensional color image data. Secondly,through the analysis of the existing automatic seizure de-
tection algorithm and the Xception model of deep separable convolutional networks, the parameters of the pre-training model clas-
sified by the ImageNet dataset are used to initialize the network parameters,and the pre-training model of the depth separable
convolution network Xception is obtained. Finally, the transfer learning method is used to transfer the pre-training results of the
Xception model to the automatic seizure detection task. The performance of this method is verified on the BONN epilepsy dataset,
and the accuracy, sensitivity and specificity reaches 99. 37%,100% and 98. 48% respectively, proving that the model has good
generalization ability in automatic seizure detection task. Compared with traditional detection methods and other deep lear-ning
methods based, the automatic detection method proposed in this paper achieves higher accuracy,avoids the process of artificial de-
sign and feature extraction,and has better application value.
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Fig. 1 Filter bank decomposition and reconstruction cascade
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Fig. 3 Basic structure of convolutional neural network
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Performance comparison of various training methods on
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