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Image color transfer with dense connections
generative adversarial networks

WANG Xiao-yu, ZHU Yi-feng” , XI Jin-yang, WANG Yao, DUAN Jin

(School of Electronic and Information Engineering ,
Changchun University of Science and Technology , Changchun 130022, China)

Abstract: Aiming at the problem that the traditional color transfer algorithm has color mis-transmis-
sion and unnaturalness as processing images, an image color transfer method based on dense connec-
tion generative adversarial network is proposed. During the training process, the training generation
network generates the color transfer image. The coding layer in the generated network promotes the
reuse of color features and speeds up the convergence rate of the network by using the cross-layer con-
nection of the dense connection network. The conversion layer uses a three-layer residual module in-
stead of the original two-layer residual module to combine different features of the image. The dis-
criminating network is trained to distinguish the difference between the original image and the genera-
ted transfer image. The —log function is used to calculate the model loss in the network and speed up
the initial update of the training. The experimental results show that the result image of this method
retains more details compared with the similar model, can suppress some noise and the whole image is
closer to the natural image.

Key words: generative adversarial networks; color transfer; dense connection
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