3% T TENMRARSEZRE Vol.33 No.7

2023 427 H COMPUTER TECHNOLOGY AND DEVELOPMENT Jul. 2023

ETESEENEESE AN IEE LM%

fREM'? RS G M R A R
(1. F k¥ XR&EEFKE, LB\ KR 030051 ;
2. LW EF UL HESA TR R P (PIRXFE), LE KR 030051,
3LGERER AEHFH AL, L& KR 030401)

M E BT A AU E R S R S R W b S I 1 TAT A SR R A NS A PR
255 | T A 5 £ AR BRI 46 (Pose—Specific Generative Adversarial Network, PS—GAN) , PS—GAN i £E J 7% 1 48 1
Y, 2 A P AT A A AR R E R AR L T A D 85 DO T4 2 K, S A 9 5 A 25 43 B i A R AT TR
BEL ORRE  BEAS TE R R R 45 5| A NG 2544 21 56 A1) 1] st 24 TROBSE I8 56 T Rl DX I, ARSI 2 80 e X 2 0 250 453 281 94 )
OARHEHEA T A I I TUAGEE . 28, KB Sen B AR R 4 B U S AR &, 504> PS—GAN BEAY Hy B — A £ B
IIEAREIIGE R 5 241 PS-GAN BT A, (I HEH TEE A MR A , 7EASII % H TR 4E M MASFD ik
VLK. CAS-PEAL-R1 AFEHREE kT T RERE M S 505, S0k 1 W48 2546 1A 50h: DL R B 5 30A 75 a4
L, Bk PS-GAN J2& 1 57 BRAE A U1 2R A , (0Bt RE A R R IR B0 A7 R A A L 368 0

SRR N IE T AR RO BL 5 A SO0 2% 5 AR s VR B A 5

HE 4525 TP391. 41 XRRFRIZAD . A M EHS:1673-629X(2023)07-0047-08
doi;:10.3969/]. issn. 1673-629X. 2023. 07. 007

Face Frontalization Network of Specific Angle Based on Pose Attention
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Abstract; Face frontalization is of great significance for face recognition,but in actual monitoring scenarios, the reconstruction results of
large postures is usually not as good as that of small postures. Therefore, we propose a Pose—Specific Generative Adversarial Network
(PS—-GAN) , which consists of a generator and a discriminator. The generator consists of an encoder,a pose attention module, a feature
conversion module,and a decoder. The encoder and decoder downsample and upsample the input image , respectively. The pose attention
module introduces face structure prior into the network and simultaneously constrains the model to focus on the region of interest. The
feature transformation module transforms the profile features obtained by the encoder and suppresses redundant channels. Firstly,the con-
tinuous pose are divided into discrete pose sets. A single PS-GAN model is trained by data from a specific Angle,and then multiple PS—
GANs are combined to make it suitable for face input from any Angle. In addition, a large number of qualitative and quantitative
experiments were carried out on the MASFD data set independently collected by our laboratory and the CAS-PEAL-RI1 public data set,
which verified the validity and rationality of the network structure. Compared with existing methods , although PS-GAN is trained on a
restricted dataset,but it also has excellent visual performance on non—homologous data.
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