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Semantic correction-based image inpainting under semisupervised learning
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Abstract: Objective The rapid advancement of deep learning techniques has resulted in significant progress in the field of
image inpainting, particularly in utilizing semantic structures to guide the inpainting process. Semantic structures, such as
semantic label maps, have become increasingly popular because of their ability to provide valuable contextual information
about missing or damaged regions of images. These semantic structures help guide the inpainting algorithm to restore miss-
ing content in a way that aligns well with the overall context and semantic meaning of the image. Traditional inpainting mod-
els often rely on pixel-level information and texture-based techniques to reconstruct missing regions. However, they may
struggle to maintain consistent semantic structures, particularly when dealing with complex images or large damaged areas.
Recent advances have shown that combining semantic information with inpainting tasks can significantly improve the qual-
ity and realism of image restoration. In particular, semantic segmentation, which can be leveraged to guide the inpainting

process, has become an essential tool for extracting meaningful context from an image. Although semantic segmentation
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models provide rich, semantic information that is crucial for accurate image inpainting, many existing methods remain uni-
directional. These models often rely solely on pretrained semantic segmentation networks to provide guidance, without con-
sidering feedback from the inpainting model itself to improve or refine the segmentation. This limitation can prevent the
model from fully correcting semantic errors, resulting in inadequately accurate inpainting outcomes. We propose a novel
image inpainting method that introduces feedback correction within a semisupervised learning framework to overcome the
aforementioned challenges. This approach allows for a bidirectional interaction between the inpainting and segmentation
models, thereby enabling them to refine each other iteratively and ultimately enhance the final inpainting results. Method
The proposed method follows a three-stage progressive image inpainting algorithm, which includes coarse inpainting,
semisupervised semantic correction, and fine inpainting. Each of these stages plays a critical role in improving the quality
and accuracy of the final image restoration, particularly in scenarios where semantic biases and texture errors are prevalent.
In the first stage, coarse inpainting is performed. The goal of this module is to create an initial pixel-level reconstruction of
the missing areas. At this stage, the algorithm focuses on restoring basic structures and textures within the damaged
regions. Although the inpainting process may still introduce some semantic errors or distortions, it provides a solid founda-
tion for further refinement. This coarse inpainting serves as the basis for the following stages, which aim to address seman-
tic inconsistencies and improve texture details. The second stage involves semisupervised semantic correction. Here, we
leverage a cross-image semantic consistency strategy to enhance the semantic understanding of the damaged regions and
improve the accuracy of segmentation. This module employs semisupervised learning techniques to generate pseudo-labels
for unlabeled images, which are then used to refine the semantic segmentation of the inpainted areas. The segmentation net-
work can correct any semantic errors introduced during the initial inpainting stage by incorporating feedback from the
inpainting model. This feedback loop helps ensure that the inpainted regions align closely with the rest of the image in

terms of texture and semantic content. The third and final stage is fine inpainting. In this stage, the semantic segmentation

model now trained with the refined semantic labels guides the inpainting model to restore the missing content with
high precision. The improved semantic labels allow the inpainting model to generate accurate pixel-level details and tex-
tures, thereby ensuring that the final result is semantically consistent with the original image. This stage refines the image
restoration process by incorporating the corrected segmentation and the inpainted content, thereby resulting in a realistic
and seamless reconstruction. Result We conducted extensive experiments using two publicly available datasets, namely,
CelebA-HQ and Cityscapes, to validate the effectiveness of the proposed method. The evaluation was based on several com-
monly used metrics, including learned perceptual image patch similarity (LPIPS), peak signal-to-noise ratio (PSNR), and
structural similarity index measure (SSIM). These metrics are designed to assess the perceptual quality, structural consis-
tency, and overall fidelity of the inpainted images. The experimental results demonstrate that the proposed method outper-
forms existing inpainting techniques. On the CelebA-HQ dataset, our approach achieves a 5. 88% reduction in LPIPS, a
0. 52% increase in PSNR,, and a significant improvement in SSIM, thereby indicating a notable enhancement in perceptual
quality. The results on the Cityscapes dataset are even more impressive than those on the CelebA-HQ dataset, with the
LPIPS decreasing by 6. 15%, the SSIM increasing by 1. 58%, and the PSNR values remaining superior to those of the other
methods. These improvements highlight the effectiveness of the proposed feedback correction mechanism, which helps
address semantic biases and texture errors in the inpainting process. Ablation studies were also conducted to confirm the
contribution of the semantic correction mechanism further. Results show that the integration of semantic correction signifi-
cantly enhances the inpainting quality, thereby validating the importance of the interaction between the inpainting and seg-
mentation models. Conclusion This study provides new insights into the synergy between semantic segmentation and image
inpainting. The proposed method addresses semantic inconsistencies and texture errors more effectively than previous
approaches by fostering an interactive relationship between the two models. Experimental results demonstrate that the feed-
back correction mechanism, implemented within a semisupervised learning framework , significantly improves the overall
performance of image inpainting tasks. This approach opens new possibilities for high-quality image restoration, particu-
larly in applications where semantic consistency is crucial for achieving realistic and contextually accurate results.

Key words: image inpainting; semantic segmentation; semisupervised learning; cross-image semantic consistency; gen-
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Fig. 7 Generator of fine inpainting
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Fig. 8 Qualitative comparison on the CelebA-HQ dataset
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Fig. 9  Qualitative comparison on the Cityscapes dataset

2.3 EETM

T B WP AS SO I R AE L ROCR A S
eI T AN B il B4 P45 (Liu 25, 2018) K5
JE 4R G G At P A S S AR AR, 3l iod 5 T
BB AR . K250 T AN 5 B 2 1P AG
25 IF S IR AR e UE ) SOTA (state-of-the-art ) J7
B, W W-Net (W—shaped network ) (Zhang &2 2023a)
1 MDTG (mutual dual-task generator) (Zhang 55,2024 )
HEAT H A . o, RFR . CTSDG . LG-Net, W-Net Al
MDTG X} Et 75 72 B9 i K H Zhang 55 A (2024) SE 55
LR MMT R A AR AR BEA

M3 2(CelebA-HQ) V- Y48 4R K F A SCH Ik
TEFTAT 34845 LIk 3] T SOTA K- A T
B MDTG 8, AN SC 7 3 78 PSNR | SSIM Al LPIPS

FREIUCH 1 447) AR 5 (5 347 A9 4 BE 15 T i)
SFPRRE G S AR SO AR A T . HoAth
VL OB S 45 2R A e S AL L | 320 SRR R 4
TERRBIL, B, a5 1 47, AR SO ik
MRS I T SR AR B . X FE A UE, TR X
HRE RSN GRS AR R R e
— il X IE—RHE R "HESL, REAE A R B I F 2 IEH)
AT BT S 22 , DT 38 i 1% R AR, A IR 45 4
A LR A B B SR 45 2R

AR T AR A A R R S A A R T A Y
LPIPS 4845 |, 5230 T 5. 88% M A XTREAK . ik F2H,
A ST A B B 25 RAR R B UHER , fE N2
PG SR A B L R

XF T Cityscapes £ 42 , [F] A (i FH 3% £ 458 b
SSIM .PSNR 1 LPIPS # AT fif i . % 3% T A[F 7
BB EIPAL S5 R . [FAE, o RFR . CTSDG . LG-
Net, W-Net (Zhang 5 2023a) 1 MDTG (Zhang =3
2024) XF b 77 ¥ B8 E R [ Zhang 55 A (2024) 5250
G5 MMT Kk A A TAEE A5 R .

M 3 (Cityscapes) FU 45 SR AT LUE th, 48 SCRE
MIPESAAR RN T30 K. SRR IS UE B
SOTA J7 % MDTG #H [t , 4~ 3CJ7 % 7E PSNR . SSIM F
LPIPS () F- 248 b5 L 4 14505 , F- 34 SSIM Al LPIPS



MEX, MR, EiRiE, BER, PRk

3145 /5 48 /2026 F£4 A FREFITETBEYRENEGES

&2 £ CelebA-HQHEE L AFIEKRIEEHTEEEN L

Table 2 Quantitative comparison of different image inpainting methods on CelebA-HQ dataset
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Table 3 Quantitative comparison of different image inpainting methods on Cityscapes dataset
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Fig. 10  Typical failure cases of ADE20K dataset
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Table 4 Comparison of semantic correction results on

the Cityscapes dataset
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Table 5 Comparison of whether semantic correction

segmentation model is used on the Cityscapes dataset
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Fig. 11 Ablation experiment qualitative comparison on the Cityscapes dataset
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