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Face Image Restoration Based on Residual Generative Adversarial Network

LI Ze-wen, L1 Zi-ming,FEI Tian-lu, WANG Rui-lin and XIE Zai-peng

College of Computer and Information, Hohai University, Nanjing 211100, China

Abstract Benefiting from the rapid development of computer vision, face image restoration technology can only use the contour
of the face to generate a complete face image. At present,many face restoration techniques based on convolutional neural networks
and generative adversarial networks have been proposed. They can restore partial damaged face images or even directly generate
face images using face contours. However, the results of qualitative and quantitative analysis of face images restored by these
techniques are not ideal,and there are many limitations in the restoration process. Therefore, this paper proposes a face image res-
toration method based on residual generative adversarial network (FR-RGAN) , which improves the performance of the model by
means of deep convolution,residual network and smaller convolution kernels,and restores the local details of the face by using the
contour of the face,making it more vivid. Experimental results show that,compared with pix2pix, FR-RGAN has an improvement
of 8.7%,2.1% and 9. 6% respectively in mean square error, peak signal to noise ratio and structural similarity index, and
53.4%,12.6% and 30.1% better than non-residual method.
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