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Research on the generation method of face sketch images based on Pix2Pix
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[ Abstract] Considering that Pix2Pix has problems such as loss of details and blurred generated images in image translation tasks
such as image style transfer, it cannot meet the current target requirements of face sketch generation tasks. An improved Pix2Pix
model is proposed. By introducing the residual convolution module based on the self —attention mechanism, the generator and
discriminator of Pix2Pix can assign different weights to different regions and channels of the face image during the training process,
thereby improving the quality of the generated face sketch image, and the loss function of the Pix2Pix generator is improved to make
the generated face sketch images more hand—drawn. At the same time, in view of the difficulty of training the generative adversarial
network and the instability of the convergence process, the training method of the original Pix2Pix is improved. Through comparative
experiments, it is found that the loss function of the improved Pix2Pix model converges faster and the convergence process is more
stable during the training process, meanwhile the generated face sketch images are better than the original Pix2Pix and other models
in terms of detail retention and outline clarity. The research verifies the effectiveness of the Pix2Pix model on face sketch generation
tasks.
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Fig. 2 Generator network structure of Pix2Pix model
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Fig. 3 Structure of self—attention mechanism
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Fig. 4 Network structure of Pix2Pix generator based on self—attention mechanism
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