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Decoding is one of the important fields in Neuroscience, which is considered to be useful for analysis of brain
function, clarification of disease and development of Brain Machine Interfaces. The purpose of this study is to
decode visual stimuli from human brain activity. To reconstruct the visual stimuli, we used Neural Networks and
GAN-based Neural Networks. We compared recent GAN-based models to confirm which one works the best. We
also examined the difference in reconstruction quality when brain area was changed. To improve the quality of
reconstruction, we combine multiple consecutive frames of human brain activity. Finally, we calculated the effect
of multi-frame by quantative evaluation. The results show the effectiveness of decoding with multi-frame inputs.
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4.1.1 : Peak Signal-to-Noise Ratio (PSNR)
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4.1.2 : Structural Similarity (SSIM)

SSIM [8] PSNR 2

SSIM PSNR

PSNR

2 x y SSIM 3 SSIM

μx, μy

x y σx, σy

x y σxy x

y c1, c2

SSIM(x, y) =
(2μxμy + c1)(2σxy + c2)

(μ2
x + μ2

y + c1)(σ2
x + σ2

y + c2)
(3)

4.2
PSNR SSIM

1

NN GAN
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d = 3

1: PSNR / SSIM
1 2 3

9.43 / 0.0716

9.93 / 0.089 9.84 / 0.096 9.71 / 0.090

NN 12.6 / 0.098 12.7 / 0.092 12.6 / 0.098

GAN 12.1 / 0.119 12.0 / 0.115 11.9 / 0.116

WGAN-gp[11] 12.0 / 0.109 11.7 / 0.110 11.7 / 0.110

SNGAN + PD 11.7 / 0.126 11.6 / 0.131 11.6 / 0.124

2

2: PSNR/SSIM

1 2 3

V1∼V2 11.6 / 0.106 11.5 / 0.111 11.7 / 0.116

V3∼V4 11.9 / 0.108 12.0 / 0.112 11.5 / 0.097

V1∼V4 12.1 / 0.119 12.0 / 0.115 11.9 / 0.116

Left 11.6 / 0.108 11.4 / 0.100 11.7 / 0.108

Right 11.7 / 0.099 11.8 / 0.110 11.7 / 0.106
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3: PSNR/SSIM

[s] 1 2 3

1 11.9 / 0.114 12.0 / 0.112 11.9 / 0.118

3 12.1 / 0.119 12.0 / 0.115 11.9 / 0.116

5 12.1 / 0.114 11.9 / 0.110 12.0 / 0.112

7 11.9 / 0.110 11.9 / 0.104 11.8 / 0.114

9 11.9 / 0.104 11.7 / 0.101 11.6 / 0.100
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