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Face Sketch Image Generation Based on CycleGAN
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Abstract;: CycleGAN is a derivative model based on generative adversarial network , which can realize the mutual conversion between two
image domains with different styles in the absence of paired training images. Because it is difficult to collect a large number of pairs of
face images and sketch images,in order to solve the problem of blurred image details and low definition in the task of generating face
sketch images,an improved CycleGAN model is proposed. By introducing the residual module based on the attention mechanism, the Cy-
cleGAN generator model can learn the importance of different channel features and different regions in the face image more effectively,
reducing the impact of useless information in the face image on the generation model, thereby improving the quality of the generated face
sketch image. Through comparative experiments, it is found that the sketched face image generated by the CycleGAN model based on the
attention mechanism is of better quality, and retains more complete and richer facial feature information, which is better than the
CycleGAN and DualGAN models. It is fully proved that the CycleGAN model based on attention mechanism is effective.
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