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Occluded face inpainting network fusing edges and key points
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Abstract; The face image inpainting technology can generate a complete face image by repairing the occluded area
of the face, which has important application value in fields such as criminal investigation and security protection.
However, the inpainting results of the existing methods often exhibit artifacts such as fuzzy texture and distorted face
structure. Therefore, based on the generative adversarial network ( GAN) framework, this paper proposed an
occluded face restoration network fusing edges and key points. Firstly, the proposed network used the structural
forest edge restoration network to complete the structural forest edge map occluding the face image to obtain more
description information of the face details. Then, it used the key point prediction network to locate 68 key points of
the occluded face to obtain the topological structure information of the face image. Finally, it took the structural
forest edge map and the key points of face obtained by the above two networks as prior information, restored the
occluded face area by the face image inpainting network, and generated a complete face image. The experimental
results on the CelebA-HQ dataset show that the face images restored by the proposed algorithm have finer texture
details and more reasonable topological structures of faces. Under different occluded areas, the PSNR and SSIM of
the proposed algorithm are higher than those of the comparison algorithm. Compared with that of GatedConv,
EdgeConnect, and LaFIn algorithms, when the mask ratio is 50% , the PSNR of the proposed algorithm increases
by 36.8% , 25.8% , and 29.3% , respectively, while the SSIM increases by 19.5% , 12.2% , and 12.2%.
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Fig.1 Structure of generative adversarial network
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Fig.4 Structure of structural forest edge restoration network

2.3 KSR %

NI S S AE R W R i AR e, B & T 5
PN &R AT R I IS VN A R L S S 7P
T Ge 8 A 2B BB BTt Ry T TR M b
DU NG DG 5, 7R SCHE H 2 T MobileNet-V2 19 A
IR o TN O 245 T2 D 2456 1 TR B ] 4 B B A R )
B 225 N E S BT

NG Rl 5 T 000 D 2 17 ek A — A~ 32 x 32 /Y
BRUZ  IFER: 7 A 5k 22 e LIS BORS 4R E , 8
Jriat 1 A B RGRASRRE , o R ) 5% 25 Bl
“TRIE B —HE% S0 P 1 49 A R R 35 Ay < 3
MoWREBRT, a2 B
FRIE R TG, IR G B A 00 e S5 3 R AR /1%
rv B SR G ) T DG B a5

% P30

Punes 0 555
Bl 5 XTI E
Fig.5 Structure of key point prediction network
2.4 ANEEBEEMZ
NI B S I 26 h 2R & G, FHG &R D, 4




53

FE A Bl TSRS B M 2% - 193 -

J, NP 6 B, AR G, B AL R K
8 AR BRI G0 52 T 2% A B 340 2 LB A B ok
AT FOUI 00 2 £ RS NG OB A5 L 5 #5148 D, LLEC
EYNIES TR N A V(S a5
A HEA T #50 , BETIAE AL G, PERE, I 52 A9 A MK
PG aE I 1S N R R

HRBG,
!5{*

FIHI%D,
HU

WA+ R A 2

X5 ) wassnmen
M6 AREGESNEEHE

Fig.6 Structure of face image inpainting network
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Fig.7 Inpainting result of random occlusion
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