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Fig. 1 Schematic diagram of the task.
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Fig. 2 Overall visualization of the EEGNet architecture.
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Table 1 EEGNet architecture

Block Layer filter Output Activation Dropout
1 input
Reshape
Conv2D 16 (16,122,401) Linear
BatchNorm (16,122,401)
2 DepthwiseConv2D (2*%16,1,401) Linear
BatchNorm (2*16,1,401)
Activation (2%16,1,401) ELU
AveragePool2D (2*16,1,100)
Dropout (2*16,1,100) p=0.25
3 SeparableConv2D 32 (32,1,100) Linear
BatchNorm (32,1,100)
Activation (32,1,100) ELU
AveragePool2D (32,1,12)
Dropout (32,1,12) p=0.25
Flatten (32,1,12)
Classification Dense 3 Softmax
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Fig. 3 Discrimination accuracy of the imagined sounds.
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