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Face Image Translation Based on Generative Adversarial Networks

Wu Huaming, Liu Qianrui, Wang Yaohong
(School of Mathematics, Tianjin University, Tianjin 300072, China)

Abstract: With regard to the problem of image translation between face photo and face sketches, a new network
model was established by adding two loss functions to the objective function of the DualGAN. Through optimization
experiments of the parameters, the proposed model was continuously optimized to find the optimal parameters. The
qualitative and quantitative comparison experiments show that the proposed model has excellent translation perform-
ance in face data in terms of sharpness and facial features, and it is now the best among the related GAN network
models. The stability of related GAN models was then compared. Finally, the effect analysis experiment clarified the
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specific function of the additional loss functions.
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Fig.2 Translation results from sketch to photo with various parameters y
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Fig.3 Translation results from photo to sketch with various parameters y
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Fig.4 Translation results from sketch to photo with 4, =4, 4, =4

Input GT A=1

5 oAy A

A=20 A=50 A =100

Fig.5 Translation results from photo to sketch with 4, =1, 4, =4
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Fig.7 Translation results from photo to sketch with various GAN models
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