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Image completion algorithm based on Generative Adversarial Nets
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[ Abstract] Image restoration is still challenging in today “s research. At present, image restoration algorithms often have the
problem of repairing edge blur, and the repaired area is obviously inconsistent with its surrounding area. This paper proposes an
effective MSE loss function and content loss. A combination of functions for image restoration algorithms. The network model
consists of a completion network, a global discriminator network, and a local discriminator network. After multiple iterations of the
network and parameter updates, the face repair can be completed. The experiment was tested on the celebA dataset, and good

completion results were obtained by subjective and objective evaluation criteria.
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Fig. 2 Generator model
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Fig. 3 Discriminator model
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Fig. 4 Comparison picture

H & 4 AT, B i as ik e i 2 X &
K2R I shdmtith i H A e 45 20 A i, Jo iR 4 2k
K3 /N B R K BL T S5 i B s X Ee A 3
Htihds , DCCGAN Jik iy BIMRIE Z R R NN 2 1
T —8: (R ER 0 R a1 s 2 ROCR B
Context Encoder J71ETE N 25 Fl Rl 4017 1 #R R IN4L
U AR 3 S5 % 422 DX S A2 R 0 ) I, i = AR i 3
M, AXTTEE Context Encoder J7 LM H , B R 3K
5 G PR T AR ARL, 30 248 52 R LU AR

JE T AT FH UG ({7 M L ( PSNR)) F45 44 AH AL
£ (SSIM) P/~ F bm >k i B R 1B S 25058 . PSNR



12 B o /5 M5 MM

510 %

SR BT U B PRI R bR, AR B 4
B S5 5 N 32 S A — BRI B, BAT5 9%
A LAE R — AR RIbR e, L 2 A G
%% 2 8] 14 22 91, PSNR %5 {8 k26 W 2k 2L
WNo TN FELERVEMARAE SSIM, P52 EE X LE B
E5H 3 A7k, FHYEAE RS2 B Al s
WEZEAE X B EE Ak 11, B D7 24 Sy 285 4 A DL
(R RE S, A58 BUE S/ IMA S T 1 W AR AR DL R
BB, A 3R IR R 25 R /N 18 2 R
A, TR INE 1 3R 2 PR,

®1 AFEIEGHETER PSNR E
Tab. 1 The PSNR of different image completion methods dB

ViRiS 1 2

A sh4mhises 20.68 22.40
DCGAN 23.16 23.85
CE 22.53 21.96
AT 25.95 25.78
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Tab. 2 The SSIM of different image completion methods

WIRES 1 &2
A sh s es 0.738 0.825
DCGAN 0.849 0.839
CE 0.832 0.815
AT 0.903 0.872
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