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Abstract: At present, the research of face frontali inly solves the face yaw problem, and pays less attention to
the face frontalization of the side face affected b @nd pitch at the same time in real scenes such as surveillance video.
Aiming at this problem and the problem of iﬂ&)lete identity information retained in front face image generated by multi-
angle side faces, a Generative Adversarial Network (GAN) based on feature map symmetry and periocular feature preserving
loss was proposed. Firstly, according to the prior of face symmetry, a symmetry module of the feature map was proposed.
The face key point detector was used to detect the position of nasal tip point, and mirror symmetry was performed to the
feature map extracted by the encoder according to the nasal tip, so as to alleviate the lack of facial information at the feature
level. Finally, benefiting from the idea of periocular recognition, the periocular feature preserving loss was added in the
existing identity preserving method of generated image to train the generator to generate realistic and identity-preserving front
face image. Experimental results show that the facial details of the images generated by the proposed algorithm were well
preserved, and the average Rank-1 recognition rate of faces with all angles under the pitch of CAS-PEAL-R1 dataset is
99. 03% , which can effectively solve the frontalization problem of multi-angle side faces.
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Tab. 1 Rank-1 recognition rates of different methods on CAS-PEAL-R1 dataset unit: %
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Fig. 9  Generation results of Sym-GAN model and its variants on

CAS-PEAL-R1 dataset
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