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Abstract: Aiming at the problems existing in the process of face image posture correction, such as
ignoring detailed features, blurring the texture of the face image after correction, and excessive gap
between the face features and the identity features of the original image, we proposed a face correction
method based on the dual discriminator and dual attention mechanism of the generative adversarial
network. Firstly, while using the dual discriminator to determine the face identity and face posture,
we designed a face representation attention module to enhance the overall features of the face,
prevented the loss of face-related information, and improved the model’ s ability to perfect face
images. Secondly, we designed an adaptive edge-enhanced attention module. By using the adaptive
attention mechanism and Sobel filter, the edge detail features and key features of the face were
enhanced to generate a frontal face with realistic facial features and contours. Finally, a new
normalization layer CrossNorm was adopted to improve the robustness under distribution changes,
and the results of testing experiments on the Multi-PIE dataset and the CFP dataset show that the

proposed model generates frontal face images with better face correction effects compared to the
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comparison model.
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Fig. 1 Main framework of DD-GAN model
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Fig. 2 Structure of face representation attention module
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Table 1 Comparison results of recognition accuracy of different models on Multi-PIE dataset %

— B
+15° +30° +45° +60° +75° +90°
TP-GAN 97.93 96. 34 94,71 84. 46 70.11 59. 82
DR-GAN 95. 30 92.62 81.76 78.21 67. 33 33.56
FNM 98.02 96.53 95. 20 83.61 62.31 41. 20
LightCNN 99.76 94. 82 70. 94 31.58 9. 37 2.43
DD-GAN 98.12 97.01 95. 38 85.19 70. 90 60. 54
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Table 2 Comparison results of face recognition accuracy of different models on CFP dataset %
H A 1E - 1E 161 1E T -0 e LY 1E 1Ai-1E T 1E T -0 T
TP-GAN 97. 85 92.41 LightCNN 98. 29 87.22
DR-GAN 97.08 91.02 DD-GAN 98.01 93.23
FNM 97.26 92.95
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Fig. 4 Frontal face images generated by DD-GAN model
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Table 3 Results of ablation experiments for each module %
A 1 T - 1 T A T - T TR 1E TA7-1E T A THT - T
i 84. 21 81.73 +AEEA 88. 39 84.54
+FAR 87.05 84.18 +CrossNorm 85. 36 82.21
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