MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(8):126—132 [doi: 10.15888/j.cnki.csa.009195] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ET CycleGAN RIx E B % 1L 7T EY

URos A, MR, W5

(HER TR 2 B2, b1l 528225)

IS 1EE W5 M, E-mail: panjiahui@m.scnu.edu.cn
O CUnT R E R RN E AR SRR 2] U7 . B IR E S SRR R e, B TR B 2 S I K L
1R AL TS K T AT (075 R, (B RAEAE AN 45 S G 1 B L3k 1 B, A SHA Cycle GAN fi7)
AR AR B — S ) R B R R oAb b, (EHAEZD Y. M. KA B B8 B ROR. R S5 Xt
CycleGAN #5210 of A0in LA ek gk, 76 4 il #3 ff Fl PReLU ‘2%&%5@%&? {5 AR B 5 T I 5. 1 ) 5 B Ak
PatchGAN #2181 1 im0 Wi LBy, J8id ImageNet $di4R 5 AT EIR 45, BB 5 R 5
IR (A (R 405 2. 76 EMRAP A 35 AR PR, % B84 PSNR FiEL GAN 5 7 0.603 dB £ 2.1% 4R FF, 75
SSIM Hh Wi i T HUAAR AL, FERCR 1A 5.1% 4T, MLSEIRAZ R, S8 CycleGAN R LG B A ML A 58 1,
TEMSEELSENE LT VGG Rl GAN 25BN, P T 35 (0 Rl b R, 117 L 5B 5 S5 L o e 1, S 458 2.
KRR IRFE 1%%@ MR FE G R Ak, PEIR AL RPN %5 T IR ] 4] 1) 3 Wk 2= 28 R 4%

SRR BRI, 3 M JE T CycleGAN IR B R taAk J7 v 7T S 2R 46 F ,2023,32(8):126-132. hitp://www.c-s-a.org.cn/1003-
3254/9195.html

Grayscale Image Colorization Based on CycleGAN

CHEN Zong-Nan, YE Yao-Guang, PAN Jia-Hui
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: The current mainstream image colorization methods include traditional algorithms and déep "learning methods.
With the development of deep learning models, the grayscale image colorization Ivnethod based on deép learning can bring
better coloring effects, but there is still a loss of details and dull coloring. In ordér to solve these problems, in this study,
the CycleGAN model is applied to the colorization of non-single-category grayscale images, so as to achieve realistic
coloring effects on pictures of animals, plants, landscapes, etcThe activation function of the CycleGAN model is
improved in terms of model structure, and the PReLU activation function is used in the generator to make the model
easier to be trained. This study also uses,PatchGAN in the discriminator to improve color details at high resolution in the
image. After training on five popularﬂcategories of images from the ImageNet dataset, the model’s colorization effect on
animals, plants, and landscabes is realistic. In the image evaluation index, the model is 0.603 dB higher than GAN in
PSNR, which indicates an improvement of about 2.1%, and it is significantly higher than other models in SSIM, with an
improvement of 5.1% in effect. From the perspective of visual perception, the pictures colored by CycleGAN have higher
saturation and visual authenticity than models such as VGG and GAN. As a result, the proposed model not only solves the
problem of dull coloring but also makes it easier to restore the color details in the picture and avoid the loss of details.
Key words: deep learning; image processing; grayscale image colorization; cycle-consistent generative adversarial
networks (CycleGAN); PatchGAN; ResNet
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