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Fusion of multi-features and global-local Transformer for image inpainting

Teng Shiyu  He Lijun
(College of Computer Science and Engineering, Dalian Minzu University,Dalian 116600, China)

Abstract: Addressing the challenges in the domain of image inpainting, such as the high computational complexity,
loss of information during feature extraction, and the blurring of textures in the inpainting images, this study proposed
a image inpainting model that integrates multiscale hierarchical feature fusion with synergetic global-local Transformer.
Initially, the multi-scale hierarchical feature fusion block was proposed as a means of effectively fusing deep and
shallow features in detail, thereby reducing the loss of key information while expanding the sensory field.
Subsequently, synergetic global-local Transformer blocks for global reasoning was proposed, featuring an integrated
rectangle-window self-attention mechanism and local feed-forward neural networks. This design reduced computational
complexity while enhancing the model’ s macroscopic understanding of global context and microscopic grasp of local
detail characteristics. The proposed method was validated on the CelebA-HQ and Places2 datasets, and the results
demonstrated that it yielded improvements in PSNR by an average of 0. 26~6. 25 dB, SSIM by an average of 1. 4 % ~
19%, and L1 decreased by an average of 0. 2% ~5. 66 % compared to commonly used inpainting methods when dealing
with 40% ~50% masks. The experiments show that the inpainted images resulting from the proposed method exhibit
a more realistic and natural visual effect, thereby providing further validation of the method’s effectiveness.

Keywords: deep learning;image inpainting; multi-scale hierarchical feature fusion;synergetic global-local Transformer;

rectangle-window self-attention;local feed-forward network
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Fig.1 The framework of fusion of multi-features and global-local Transformer for image inpainting
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Fig. 2 Multi-scale hierarchical feature fusion block
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Fig. 3 The structure synergetic global-local Transformer
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2 XWRSH

2.1 REHEIESE
76 P A T2 A AT B BE 4 CelebA-HQ™ Al
Places2"™" I X} fr 48 i1 19 7 1 647 WAl . CelebA-HQ $#E

AL E 30 000 = B K BIE, 8 5 000 3Kkpk H
PRI AR , AR NI 24 . Places? Bl 4 M A0 & 8 i
1000 J7 5kt B 400 Z R B KRBT S d 45 . %
Ho 10 A5, BA B HLE 3 000 Tk R, Hh
25 000 5RAE R4k, 5 000 FRAE I, AL, Br A &
G TRAE 7 256 X 256 IR E MG — 4y FE %,
2.2 ZLWiEESEMIER

AL Pytorch fE 4252 8T $2 0 (19 O %, IR — Bk
BAFJ 24 GB HY NVIDIA 3090 GPU | 5 Ji B 45 HY 5256
255k Z R T R ¥ batch size Jy 16, 3F H AR YR 4 5 i 58
Herp SGT 2 K SGT BB IR IE Xl 2.4 .4,
2. TEUNGREY B Ad A B mask Bod 4 , 4 1 394G AR
SCHEH RUASERL, % FH Y Adam LR S B BN B, =0. 5,
B:=0. 999, 4= BAR W 4R 5 2] 2 0. 000 1, #5889 4 5 >
FH0.0004, HKBERE L1 #1581 (peak signal
to noise ratio, PSNR) F 4% ¥4 # {8l ¥ (structural similarity
index measure, SSIM) 1k EHEAE AT 55 19 & W PEAL 75 4%
Horp L1 B 2l I A 22 44 BB 4. PSNR 1 SSIM 45 #7
AR RE M. B T R S 5 ) AT AR v A A
Hoxt $& 7H& B BUR 1 BTk .
2.3 XWERSHH

P4 Oy 5 IR AR SR B RSB B 2 R OR L Ay
Br, Bl PCH?, GC™Y, RFR™, AOT-GAN™ | ICT"" Fi
LaMa'"" . AN[F L2 B BB B, AR S0 8 5 B0
A 3 ()40 Ry VA A vl e 2L A ) 2 A TR A L B
FA IR, Ik 1 Fis, NEREER,. S5 ARNRT
AT X LGB AR SO 9k A AR A A S BROR i A 3 E J]
Z 1B 3K A O SRR T RAFI ISR A e .

R1 FAEFAEZESHSHEERE XL
Table 1 Comparison of parameters and inference time

between methods

LAY BHX10° e FEF [A] / ms
PC 49 22
GC 4 10
RFR 30 20
AOT-GAN 15 19
1ICT 150 113
LaMa 51 32
ATy 29 25

AR H 5 HA T 7E CelebA-HQ Fl Places2 % ¥
£ LR EME SR NE 4 F1 5 B, W LI E] . PC fE
TR E ERBEA TR 5 454, 2K i A iy BRI T AL B
BN B . B, e 4O 3 kBT BEE R
FAY NI TR 8 47 A A S B NV, B Z T M. GC TRHEA
T SCIELFE 5 T 2% 0 0 PT AE A A PRI A B0 3V i B oA
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B 53 BEAE A BN AL 5 B B0 TR o E 7 20 24 B B2 7 1 47 5Ce) IES 1 gk AT v oK fE B 2y 18 52 A 1 14 24 4 A0 440 1 &
AETEAME . EE 45 2 RV 5 sk IEd  FEAR BIE 3. LaMa REAS A BUIH SCIE#H H AR XS A AR B Z 451 (1
JRART bR AREO R R L B2 SO, AOT-GAN FEAR B TR S0 A9 A2 il AT etk 25 18] L 72 5 (h) By 5 5Kk 18] v
R BRI S B R AR B SO B LR (R R R Ay T HE AR T A0 DX B S B R 25 A 9 48 5 ROCR W R
&5 J5 A ZARSE . i, 18 5CD 55 2 3K B A ZEHEAR 11 X

e~ ~ = . o
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Fig. 4 Qualitative effect comparison of different methods on CelebA-HQ dataset

(2) B (b) A (e) PC (d)GC (e)RFR  (f) AOT-GAN  (g) ICT () LaMa (i) &3XT7 ¥k
(a) Origin image  (b) Input (1) Ours

B 5 A7k Places2 udli4E b Ay & Xt 1o

Fig.5 Qualitative effect comparison of different methods on Places2 dataset
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55 H A T A L AR SO 7 R A R SRR B0 T Rt T
PO AR BB R AR, ARG MSGEMEE -
AR I A T P METR D AR

BT B IBEAL AR SO ik A b 4 SR kA L.
PSNR F1 SSIM 3 % WA8 F3 #E AT 1TAL , W3R 2 PR . 7E4E
TR IKH] 40 % ~50 % M IE B0 T - A0 b T H Al 35k, AR S iR

Y )5 B8 CelebA-HQ #0454 | PSNR #2551 0. 31~
7.63 dB, SSIM ##F T 0.54% ~21%, L1 $i L B T
0.21%~5.65%., fF Places? $t#i4E b . PSNR FH T T
0.21~4.87 dB,SSIM #£ 8 T 2.3% ~17%. L1 1 & B A%
T 0.19% ~5.68% , iE B T ASHEFE 7 ik 9 A ki

% 2 RE 7 EFE CelebA-HQ 1 Places2 #{#E & L EE 3Ttk
Table 2 Quantitative comparison of different methods on the CelebA-HQ and Places2 datasets

WL HE 10% ~20%

IR 20% ~30%

HERG 30 % ~40% HE R 40%~50%

Ei=E7 T - - - -

CelebA-HQ  Places2  CelebA-HQ  Places2  CelebA-HQ  Places2  CelebA-HQ Places2

PC 2.13 2. 86 3.91 5.10 6. 00 7.54 8. 48 10. 41

GC 0. 84 1. 88 1. 50 3.36 2.26 5. 05 3.16 7.12

RFR 0. 90 1.92 1. 83 2.83 1.99 3.90 3.16 5. 18

L1y AOT-GAN 0. 86 1.42 1. 38 2.69 2.63 3.91 3.35 5. 15
1ICT 0. 89 1.42 1.79 2.66 2.63 3.72 3.12 5. 21

LaMa 0. 81 1. 46 1. 56 2.53 2.31 3.61 3. 04 4.92

BT 0.75 1.32 1.37 2.27 2.33 3.46 2.83 4.73

PC 25.50 23.16 22.21 20.19 19.78 18. 23 17. 87 16. 65

GC 32. 28 26. 11 29.12 23.11 26.93 20.92 24. 80 19. 20

RFR 30.93 26.05 27.31 24.07 27.11 22.58 24.78 20. 56

PSNR* AOT-GAN 30. 15 27. 20 28.94 24.53 26.72 22.75 24. 67 20.53
1ICT 31. 19 27. 36 28.52 24. 64 26.62 23.13 24. 88 20.72

LaMa 32.77 27. 44 29.23 24. 83 26. 89 22. 84 25.19 21. 31

AW 33.51 28.16 29. 87 25.45 26.97 23.38 25.50 21.52

PC 0.925 0. 880 0. 860 0.761 0.785 0. 700 0. 699 0. 600

GC 0.979 0.928 0. 959 0. 864 0. 931 0.779 0. 896 0. 681

RFR 0. 969 0.925 0. 939 0. 879 0.938 0. 820 0. 893 0.720

SSIM4  AOT-GAN 0. 968 0.932 0.958 0. 886 0.923 0. 826 0. 884 0.724
ICT 0.969 0.930 0. 944 0. 888 0.923 0. 852 0. 899 0.733

LaMa 0.976 0.932 0. 950 0.901 0.926 0. 832 0. 905 0.753

AW 0. 980 0.943 0. 964 0.914 0. 930 0. 852 0.910 0.776

2.4 HBLSEIE

S} T B E T4 i MHFFB 5 SGT #8855 ok
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