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Image inpainting algorithm
based on LBP uniform pattern and attention mechanism
WANG Haoming

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
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[ Abstract] In order to solve the problem that the current mainstream image inpainting algorithms tend to produce artifacts and
blurring in the inpainting results when facing images with complex content, a new two—-stage image inpainting algorithm is proposed
in this paper. In the first stage——the feature learning network, in order to obtain structural information with higher quality to guide
the inpainting of the second stage, the Uniform Pattern of Local Binary Pattern is adopted in this paper. In order to find patches with
higher similarity and strengthen the global and local consistency of the inpainting results, this paper inserts a new attention layer into
the generator of the inpainting network in the second stage to find similar patches in both the known and generated regions to better
fill the missing parts. The experimental part also proves that the proposed algorithm can effectively improve the problems of facing
complex images, and compared with other mainstream algorithms, the inpainting results obtained by the proposed algorithm have
better visual effects and higher value in the performance evaluation metrics.

[ Key words] image inpainting; uniform pattern of local binary pattern; attention

0 2| = St AP BER 28 AR 2 HE T U=-Net £544, 4 T 3145
a T 28 B — B0tk 758 I BRI T B

UGB 2 24812 FH AR T Box G v Bl i i
(0 DX A T R A, X — ARz N
WRCER R B E | B 2F RGN TR @ R BRI &
M 5 RFR A I ZE 52 4 S5 24

i ARG 52 531k v SR V9 o B IO 45 254
SEAE SR — [ B R0 45 rFORL I b T e O A 454, T
T 45 M {5 36 S48 I B 45 AT TOAS 20 (4 18
52— B0 83 FE . Huang 26 AU AESS
— [ B ol FH — A 7 B 14 2 Tk 5 B 4%, 7R 58 B Bt
A LT CHEREE R MR A B R ; Lin A

B EE ) Ren % AN %31 T StructureFlow , 7545
— B B B Sk 1 i TRIMGOR VI 2 45 1) o g 4, 7E
o W Befdt AT A A DU 1) SO A B A i AR 4
A7 s Nazeri 25 N 3B 1T — 4> i 24k il B %
— NGB E 454 ) EdgeConnect R
SR B ) 28 B A 2 28 BRUAS — 8 LBk, {H 2
TETHX N 2SS AR 0 R I, 15 3 i 8 2 25 RATIIR %
Gy S S R 2B R A R S )R
PR —ZPEAERA BT TR . 3 GX — 25 R AR AR S A
TETHR— B BUS B M 255 B BT A i, AR R

E4WA: HEARPIAERES(61773083) ; FHETIEITAA %I (2019PIC073) ,

EFE N THEII(1997-) B WL E  EEOF D5 ERIBE

s BEA . 2022-04-07

P EFBEELN o5 A5 & A




92 o i w5 MM

ERRES

BRI R A4 = HARS BBl AN EE
JRii & B patches X i K DX 0 E A7 #E — 25 3
FE, X P B2 (AN [ B T 7 A A R P 2 52 5%
e

BTk — SR, A SCHE Wu BB AR S
KRBT — RO I P B 19 265, BT e e e T T
SR G 2 BN R SR A ) AL

1 EEEEER

ARSCE AR R AR 1 TR, 1R A AR
G, .G, T, F—)Z L1 B BT R A 256x256%3
ISR A e AV YRR e AY =Y E XA EEY L SRR ENIN
oF B2 TN R R SRR BB )R
)4 A TE L

B1 EEE4REE
Fig. 1 Overall flow chart of the algorithm
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Fig. 2 Schematic diagram of the original LBP calculation method
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Tab. 1 The complete structure of G,
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1 Conv(64,4,2,1);

2 LReLU; Conv(128, 4,2, 1); IN;

3 LReLU; Conv(256, 4, 2, 1); IN;

4 LReLU; Conv(512, 4, 2, 1); IN;

5 LReLU; Conv(512, 4,2, 1); IN;

6 LReLU; Conv(512, 4, 2, 1); IN;

7 LReLU; Conv(512, 4,2, 1); IN;
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15 Cat(Layer 14, Layer 1) ; ReLU; DeConv(3, 4, 2, 1); Tanh;
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Fig. 4 Comparison of each algorithm on Places dataset with central mask
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Fig. 5 Comparison of each algorithm on Places dataset with irregular mask
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Fig. 6 Comparison of SSIM and PSNR values obtained by each algorithm on CeleBA-HQ dataset with central Mask
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Fig. 7 Comparison of SSIM and PSNR values obtained by each algorithm on Paris StreetView dataset with central Mask
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