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Image inpainting with foreground-background semantic decoupling
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School of Communication Engineering, Hangzhou Dianzi University , Hangzhou 310018, China

Abstract: Objective Image inpainting is a technique that infers and repairs damaged or missing regions of an image on the
basis of the known content of the image. It originated from artists restoring damaged paintings or photographs to restore
their quality as close as possible to the original image. This technique has been widely applied in fields such as cultural
heritage preservation, image editing, and medical image processing. The development of image inpainting technology has
undergone a transition from traditional methods to modern methods. Traditional methods are typically good at handling
small areas of simple structured image textures, but they often fail to achieve satisfactory results when faced with large miss-
ing areas and complex structural and textual information. With the rise of the big data era, deep learning methods such as
generative adversarial networks have rapidly developed, substantially improving the effectiveness of image inpainting. Com-
pared with traditional image inpainting algorithms, deep learning methods can better understand the semantic information

of images, improving the accuracy and efficiency of repair. Deep learning models can fully understand the semantic infor-
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mation of images and generate highly accurate repair results when a large amount of data is learned. However, current
methods usually treat images as a whole for repair. From a semantic perspective, the foreground and background have sig-
nificant differences. Treating the foreground and background may lead to problems such as blurred edges and structural
deformation, resulting in unsatisfactory results. This issue is addressed by adopting a new image inpainting framework that
uses semantic label maps to separate the foreground and background for repair. Method The image inpainting method
includes three modules: a semantic inpainting module, a foreground inpainting module, and an overall inpainting module.
The purpose of the semantic repair module is to repair the defective semantic map to guide the subsequent semantic decou-
pling of the foreground and background areas. In the semantic repair phase, the missing semantic tag graph can be
repaired, and the semantic information of the missing region can be enhanced. Then, the foreground mask is extracted via
the repaired semantic map to obtain the accurate boundary and shape information of the foreground region. In the fore-
ground restoration stage, the foreground region of the defect image is extracted on the basis of the foreground mask, and
then the foreground restoration module is used to restore the texture and fill the missing region. The foreground area usually
contains the key information in the image. Highly accurate and detailed foreground objects and their semantic information
can be obtained when the foreground is repaired. The restored foreground region is subsequently embedded into the missing
image. Finally, the missing image with foreground restoration completed is input to the overall repair module, which com-
pletes the two tasks of repairing the background region of the missing image and foreground—background fusion. The overall
inpainting module repairs the entire image on the basis of the context information of the foreground , maintaining the consis-
tency and smoothness of the image and further improving the inpainting effect of the foreground region. A joint loss function
was employed for the three stages of image inpainting. The semantic inpainting module uses adversarial loss and semantic
distribution loss to further improve the accuracy of semantic inpainting. The foreground inpainting and overall inpainting
modules further incorporate perceptual loss, style loss, and global loss in addition to the losses. In particular, perceptual
loss is used to ensure that the restoration results closely resemble the original image in terms of perception; style loss is
used to reduce the occurrence of checkerboard artifacts caused by transposed convolution layers; and global loss is used to
guarantee that the restored results exhibit a more coherent structure and content across the entire image. When these differ-
ent types of loss functions are utilized, the proposed method can generate more realistic and natural images while maintain-
ing high-quality inpainting results. Result Comparative experiments with other current image restoration methods demon-
strated that the proposed approach outperforms other methods in terms of learned perceptual image patch similarity, the
peak signal-to-noise ratio, and the structural similarity index on the CelebA-HQ and Cityscapes public datasets. Compared
with the best average values of the baseline methods, on the CelebA-HQ dataset, the learned perceptual image patch simi-
larity decreased by 8.86%, the structure similarity index measure (SSIM) improved by 1. 1%, and the average peak
signal-to-noise ratio (PSNR) was 27.09 dB. For the Cityscapes dataset, the LPIPS decreased by 4.62%, the SSIM
improved by 0. 45%, and the average PSNR was 27. 31 dB. Furthermore, ablation experiments confirm the necessity and
effectiveness of each component in the algorithm used in this study. Conclusion This image inpainting method decouples
the semantics of the foreground and background and uses a three-stage algorithm process to complete the image inpainting
step by step, which effectively reduces the impact of semantic confusion and fuzzy boundaries. The foreground and back-
ground boundaries of the repaired image are clear, and the color style is more reasonable.

Key words: image inpainting; semantic repair; priori knowledge; foreground-background decoupling; generative adver-
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Fig. 1 The overall architecture of three-stage model
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Fig. 7 Qualitative comparison on the Cityscapes dataset

2zt B RFR. CTSDG. LG-Net fl CSTF (contrastive
structure and texture fusion ) (Chen Z¢,2023 )%} [ 7 i
AR A A Chen 45 A (2023) AYSE R 25 2R

MR 1 AT DU 2AE Bt 5k 51 40% ~60%
I, A SCH LS CTSF FA M HE , H PSNR IR, iX
AT RE R PR 2 2k DX A ORI, A A A B B AT
R P A A (5 B, B S U RE AR — 2,
B2 NS Lo 22 57, S BUB R IKREIA
TR SO MR R . LR A H IR IR
SROR AT AR S A BB 2 51k , A SCER:
1eE5E i EEATIEH

XFF Cityscapes £ 45 £ , [ #E {1 1] DF Al 45 #r
SSIM ,PSNR I LPIPS K it . & 25 i1} T AN J5 3%
(& ZPPAL 45 R . Horf, RFR . CTSDG  LG-Net, W-
Net (w—shaped network ) (Zhang &: 2023) fil MDTG
(mutual dual-task generator) (Zhang 2 2024)%F LT
L BB K H Zhang %5 A (2024) S50 25 5, MMT >k
AASEE E AR

MG 2 S5 R TT LUE th, A SCRE B 1
Brdgtn 00 T HABBAY . B 350 40% ~60%
(1 X 1] P, A% SCH 95 A PSNR R SSIM 65 R HA
AR 3 B o 4803 M AT RE S PR S AR ST i AR it
TR LEDRAE B . R TE RSP R

Xof [ 1 o SR T AR B K A L T, AR SO i g
i 7 AR — B R AT N R 2
FETE SCHR R THFR B R G 0T, 1 SOME DA 1 Ak
52, REBE SRRz LY IE LSRR
JC vE fE A M R DR bR B uE SO A . il o X
Cityscapes ZUH5 48 19 22 £ 52 50 PPl | BT £ Hh S 7Y (1)
AR S5 R T S R, E— 2 B0 T AR
JUT 4R BT g I s
2.4 EF CelebA-HQ iR ER K RISSIE
20401 HiS—T U SRR Rl S 5

o — 75 S i R AR O i i s D 3R
8 1Y 2 30 o 1 SOAR S A R A P A5 %) T S RN 5t
ek o T RS T IR IR A A R . HUK
M5 ALz RS0 58 UG, B bRz A0 R HT
PEAT L E SRS LR BR T S 1A B A5 A i
SCR A RN 3 TN . A AT R SRR R
AT BB R E 8 AR X L, & BUAE 2R 17 )5 15
A2 RS B S O G 100 P A A R 1 W IX 8k g
TG b Ak P R RT T SRR 25 L R THE A 4
R
2.4.2 T SO R YT il S g

T SUAr AR R R A SO ) — Rl AR B
FEff s SUR AL, A T 8E i Lok A

541



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 2,Feb. 2025

&1 £ CelebA-HQHIEE L AFEKRIEEHTEEEN L

Table 1 Quantitative comparison of different image inpainting methods on CelebA-HQ dataset

PSNR/dB 1 SSIM 1
Tk
(0.1,0.2] (0.2,0.3] (0.3,04] (0.4,0.5] (0.5,0.6] “F¥ (0.1,0.2] (0.2,0.3] (0.3,0.4] (0.4,0.5] (0.5,0.6] “F
RFR 28.90 26.30 23.96 22.12 21.61 2458 0.945 0.905 0.860 0.808 0.730  0.850
CTSDG  30.57 28.33 26.36 24.77 21.98 2640 0.957 0.936 0.907 0.871 0.799  0.894
MMT 31.17 28.85 26.61 24.46 2236  26.69 0.961 0.935 0914 0.867 0.823  0.900
LG-Net  31.12 28.21 26.65 24.69 22.57  26.65 0.960 0.925 0.909 0.868 0.826  0.898
CSTF 31.24 28.72 26.80 24.93 22.78 2689 0.962 0.937 0.916 0.877 0.832  0.905
A3 32.33 28.96 26.83 24.92 2242 27.09  0.969 0.945 0.920 0.889 0.850 0915
LPIPS |
Tk
(0.1,0.2] (0.2,0.3] (0.3,0.4] (0.4,0.5] (0.5, 0.6] 1y
RFR 0.056 0.086 0.105 0.139 0.189 0.115
CTSDG 0.057 0.079 0.091 0.122 0.179 0.106
MMT 0.051 0.072 0.082 0.099 0.124 0.086
LG-Net 0.052 0.069 0.080 0.097 0.121 0.084
CSTF 0.049 0.064 0.074 0.090 0.120 0.079
AL 0.033 0.047 0.068 0.086 0.131 0.072
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Table 2 Quantitative comparison of different image inpainting methods on Cityscapes dataset
] PSNR/dB 1 ssim LPIPS |
ik (0,0.2] (0.2,0.4] (0.4,0.6] “F¥ (0,0.2] (0.2,0.4] (0.4,0.6] “F¥ (0,0.2] (0.2,0.4] (0.4,0.6] -FIy
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CTSDG  30.34 26.07 2428 2690 0.941 0.882 0.822  0.882 0.069 0.104 0.140  0.104
MMT 31.12 25.89 23.15  26.83 0.947 0.873 0.798  0.873 0.039 0.092 0.159  0.097
LG-Net  31.38 26.17 23.69  27.08 0.946 0.867 0.791  0.868 0.037 0.087 0.131  0.085
W-Net 31.04 25.49 2245 2633  0.949 0.875 0.791  0.872 0.042 0.099 0.158  0.099
MDTG 31.68 26.61 2344 2724  0.950 0.884 0.817  0.884 0.027 0.066 0.103  0.065
A 32.03 26.66 2324 2731 0955 0.895 0.813  0.888 0.021 0.060 0.106  0.062
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Table 3 Ablation study of foreground-background semantic decoupling

PSNR/dB 1 SSIM 1 LPIPS |
RS [ilipayEe HER X TR X3 R IX I R X3 R IX I

kR ORMRRE R ORARRE WRRE RRRRE BRRE R R RS R R
(0.1,0.2]  38.03 37.53 32.33 31.10 0996 0992 0969  0.951 0.009 0.012 0.030  0.051
(0.2,0.3]  34.28 33.84  28.96 28.14 0.993 0.988 0.945 0924  0.015 0.019 0.047  0.066
(0.3,04]  32.24 31.86  26.83 26.21 0.989 0.973 0.920  0.901 0.020 0.023 0.068  0.078
(0.4,0.5] 3037 29.89 24.92 24.32 0.986  0.961 0.889  0.862 0.026  0.031 0.086  0.095
(0.5,0.6] 27.94 27.62  22.42 21.96 0.979 0952  0.850  0.828 0.038  0.043 0.131 0.142
1 32.57 32.15 27.09 26.35 0.989 0.973 0.915  0.893 0.022 0.026 0.072 0.086
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Table 4 Ablation study of semantic partition loss
PSNR/dB 1 SSIM 1 LPIPS |
B R

s H J H G H
(0.1,0.2] 3197 3233 0.965 0969 0.032 0.03
(0.2,0.3] 2873 2896 0.941 0.945 0.049 0.047
(0.3,0.4] 2654 26.83 0916 092 0.069 0.068
(0.4,0.5] 24.68 2492 0.884 0.889 0.093 0.086
(0.5,0.6] 22.16 22.42 0.842 0.85 0.135 0.131
Yy 26.82 27.09 091 0915 0.076 0.072
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