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Recently, research using deep learning has been conducted in various fields. Additionally, research on visualization
methods learned by deep learning has also been actively conducted. Furthermore, the relationship between the
human subjective state and electroencephalogram (EEG) has been clarified in the psychophysiological field. In
this research, we apply the visualization method developed in the image field to the analysis of EEG. Using
this method, we examine whether we can abstract physiologically reasonable structure of brain activity from the
network visualizing EEG signals.The result of our experiment indicated the two important brain structures showing
consistency with the previous neuroscience studies. We consider that our proposed method has some utilities as a
tool to progress scientific understanding of human mind.
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1: Input data and Model

1: Parameters of CNN
Type Structure

Input Depth × Height(Nf ∗ Nc) × Width(Times)

Frequency Conv Kernel:16 × Nf × 1, Stride:Nf × 1, pad=0, elu

Spacial Conv Kernel:16 × Nc × 1, Stride:Nc × 1, pad=0, elu

Batch Norm 1 Dimensions:16
Dropout 1 Wight Decay:0.5

Time Conv 1 Kernel:16 × 1 × 12, Stride:1 × 3, pad=0, elu
Time Conv 2 Kernel:16 × 1 × 12, Stride:1 × 3, pad=0, elu
Time Conv 3 Kernel:32 × 1 × 12, Stride:1 × 3, pad=0, elu
Time Pool Kernel:1 × 3,Stride:1 × 3, pad=0, Max

Batch Norm 2 Dimensions:32
Dropout 2 Wight Decay:0.5

FC 1 96, elu, Dropout:0.5
FC 2 Classes, Softmax
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2: Guided Grad-CAM Procedure
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