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EEG identification algorithm of motor imagination based
on multi-level fusion of transfer learning

Zhou Qiang Tian Pengfei

(School of Electrical and Control Engineering, Shaanxi University of Science and Technology, Xi” an 710021, China)
Abstract:In order to accurately obtain the global characteristics of motor imaging EEG signals and the common characteristics between
individuals, and then improve its classification accuracy and model robustness, a fusion convolutional neural network algorithm with
parameter sharing transfer learning is proposed. First, the trained model on the source domain is migrated layer by layer to the target
network to obtain the best migration layers. Secondly, after the migration layers, different numbers of convolution-pooling blocks are
connected to form four convolutional networks with different depths, and they are merged in parallel and finally the classification results are
obtained through the classifier. Use the BCI competition IV Datasets 2a to conduct experimental analysis on the proposed method. The
results show that the average recognition rate of all subjects when using 100% and 50% samples is 80.85% and 78.9%, respectively,
which verifies the effectiveness of the proposed method on global feature extraction and the advantages of small sample problems.
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Fig. 1  Migration and integration model ideas
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Fig.3 Network structure of transfer learning experiment
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Fig. 6 TMCNN each channel structure diagram
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Table 2 Selection of hyperparameters for different models
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Table 3 Combination classification results of different levels

ez HEBH /%
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Table 4 Comparison of accuracy rates between

this method and other methods (%)
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Fig. 8 Classification results of different sample sizes
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