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Table 1 Parameter configuration for generator network structure
[E7R ha=s R Kot R PN W H—1k T R

it 0 Convolution 1 7x7 1 64 IN ReLU
it 1 Convolution 1 4x4 2 128 IN ReLU
At 2 Convolution 1 4x4 2 256 IN ReLU
K ifs 3 Self-Attention 1

L i 4 Residual Block 9 4x4 1 256 IN RelU
fit s 5 Deconvlution 1 4x4 2 128 IN ReLU
fit & 6 Deconvlution 1 4x4 2 64 IN ReLU
fit i 7 Convolution 1 7x7 1 3 Tanh
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Table 2 Parameter configuration of discriminator structure
e JRSA BRAF DS R H—1k TR R
0 Convolution 4x4 2 64 SN LeakyReLU
1 Convolution 4x4 2 128 SN LeakyReLU
2 Convolution 4x4 2 256 SN LeakyReLU
3 Convolution 4x4 2 512 SN LeakyReLLU
4 Convolution 4x4 1 1 SN
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Table 3 Experimental environment

SRS JiaA
BIERSE Ubuntu 16. 04 LTS
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Table 4 PSNR score comparison dB
PAEES Pix2Pix Cyclegan CUT BicycleGAN B RS
Facades 12.135 6 12.196 7 13.135 6 13.659 8 15.763 7
AerialPhoto&Map 13.560 8 13.683 0 14.943 4 14.682 1 17.078 5
&5 SSIM o#xttt
Table 5 SSIM score comparison
Bt Pix2Pix Cyclegan cuT BicycleGAN ATk
Facades 0.209 5 0. 236 4 0.307 2 0.2259 0.338 9
AerialPhoto&Map 0.2327 0.240 7 0.3322 0.269 7 0.435 0
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Fig. 8 Results of ablation experiment
R 6 HRASCIE PSNR S ExfLL
Table 6 Comparison of PSNR scores in ablation experiment dB
g/ TE S BicycleGAN BicycleGAN+A BicycleGAN+B BicycleGAN+C
Facades 13.659 8 15.281 0 14.964 5 14.297 0
AerialPhoto&Map 14.682 1 16.784 1 16.910 3 16.304 2
&7 iR SSIM S #3Ttt
Table 7 Comparison of SSIM scores in ablation experiment
HiEsE BicycleGAN BicycleGAN+A BicycleGAN+B BicycleGAN+C
Facades 0.2259 0.310 4 0.298 6 0.305 8
AerialPhoto&Map 0.269 7 0.3490 0.362 7 0.387 2
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Image style transfer based on generative adversarial network

LIU Hang' LI Ming' LI Li’ FU Denghao’ XU Changli'
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Abstract Generative Adversarial Network ( GAN) can generate images that are close to real images, thus plays an
important role in image style transfer.However,the GAN-based image transfer is perplexed by problems of low quali-
ty of generated images and difficult training of models, herein a new style transfer approach based on BicycleGAN
model is proposed. First, the residual module is introduced into the generator of GAN to solve the degradation of
GAN in training,and the self-attention mechanism is employed to obtain more image features thus improve the gen-
eration quality of the generator.To solve the gradient explosion in the training of GAN,the spectral normalization is
added behind each convolution layer of the discriminator.Then the perceptual loss is introduced to address the un-
stable training and low generated image quality. The experiments on Facades and AerialPhoto&Map datasets show
that the proposed approach outperforms other image style transfer methods in the PSNR and SSIM values of the gen-
erated images.

Key words generative adversarial network ( GAN ); style transfer; self-attention mechanism; spectral

normalization ; perceptual loss



