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Abstract

To address the challenges of image inpainting in scenarios with extensive or irregular
missing regions—particularly detail oversmoothing, structural ambiguity, and textural
incoherence—this paper proposes an Image Structure-Guided (ISG) framework that hierar-
chically integrates structural priors with semantic-aware texture synthesis. The proposed
methodology advances a two-stage restoration paradigm: (1) Structural Prior Extrac-
tion, where adaptive edge detection algorithms identify residual contours in corrupted
regions, and a transformer-enhanced network reconstructs globally consistent structural
maps through contextual feature propagation; (2) Structure-Constrained Texture Synthesis,
wherein a multi-scale generator with hybrid dilated convolutions and channel attention
mechanisms iteratively refines high-fidelity textures under explicit structural guidance.
The framework introduces three innovations: (1) a hierarchical feature fusion architecture
that synergizes multi-scale receptive fields with spatial-channel attention to preserve long-
range dependencies and local details simultaneously; (2) spectral-normalized Markovian
discriminator with gradient-penalty regularization, enabling adversarial training stability
while enforcing patch-level structural consistency; and (3) dual-branch loss formulation
combining perceptual similarity metrics with edge-aware constraints to align synthesized
content with both semantic coherence and geometric fidelity. Our experiments on the two
benchmark datasets (Places2 and CelebA) have demonstrated that our framework achieves
more unified textures and structures, bringing the restored images closer to their original
semantic content.

Keywords: image inpainting; structural prior guidance; generative adversarial networks;
multi-scale attention; spectral normalization; deep learning

MSC: 68T07

1. Introduction

Image inpainting is one of fundamental tasks in computer vision that aims to restore
missing or corrupted regions in an image while ensuring that the restored content blends
naturally with the original structure and texture. This capability has a wide range of appli-
cations, including photo restoration, object removal, medical imaging, and video editing.
However, achieving high-quality inpainting results remains challenging, particularly when
dealing with large missing regions or complex semantic structures. Early inpainting meth-
ods primarily relied on diffusion-based and texture synthesis techniques. The Blind Spot
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Compensation by Backward Propagation (BSCB) model [1], inspired by partial differential
equations (PDEs), used a diffusion process to propagate edge information into missing
regions. Similarly, exemplar-based texture synthesis, introduced by Criminisi et al. [2],
filled missing areas by sampling similar patches from the undamaged portions of an image.
While effective for small holes, these methods have struggled with complex scenes and
large-area missing regions.

With the advancement of deep learning, the neural network-based models have been
applied to inpainting by learning high-level feature representations. Pathak et al. [3]
pioneered the use of Generative Adversarial Networks (GANs) for inpainting via their
Context Encoder (CE) model, which introduced adversarial training to predict missing
content. However, the CE model mainly focuses on the missing areas, failing to leverage
information from unmasked regions, which led to texture inconsistencies. To address
the issue, Lizuka et al. [4] introduced a dual-discriminator model to improve local and
global consistency. This dual discriminator strategy aims to improve the consistency of
the repaired images in terms of local details and overall structure. Yang et al. [5] achieved
promising results by incorporating texture synthesis concepts into a fine-grained repair
network. In the classic U-net architecture, Laube et al. [6] proposed an improvement
strategy to more effectively handle image inpainting tasks by introducing skip connections,
which effectively transmit pixel information from the undamaged parts of the image to the
damaged areas, thereby assisting in the image inpainting process.

In recent years, image inpainting techniques have expanded into multimodal and 3D
scenarios. Wender et al. [7] applied frequency-domain inpainting principles to Neural
Radiance Fields (NeRFs), proposing a NeRF-based object removal framework that achieves
seamless erasure of target objects in 3D scenes through implicit representation editing.
Shamsolmoali et al. [8] developed the TransInpaint network, which introduces a context-
adaptive mechanism to exploit cross-region semantic correlations via Transformer-based
long-range modeling, thereby enhancing the robustness of content inference under large-
area missing conditions. Chen et al. [9] recently proposed a large-mask multivariate
inpainting framework that integrates discrete latent code representations with bidirectional
Transformer prediction. Through a three-stage “encode-predict-decode” pipeline, this
approach deeply fuses image prior knowledge with generative inpainting, maintaining
visual plausibility even under extreme mask ratios.

However, existing deep learning-based inpainting algorithms still face several un-
resolved issues. When confronted with significant pixel loss, networks may struggle to
effectively restore global semantic information, resulting in inconsistencies in the content
of the repaired images. Furthermore, when dealing with non-rectangular damage, the
generated predictions may lack reasonable representation of the image’s structural content,
leading to some distortion and blurriness. Additionally, without effectively utilizing certain
extra information from the undamaged parts of the image, it is challenging to leverage this
structural information to assist and guide the final repair.

To address these issues, this paper proposes a structure-guided image inpainting
algorithm model. The network follows a repair strategy of “structure-first, details-later.”
The first stage focuses on restoring the edge structure of the damaged image, outputting
a black-and-white edge map containing the basic structural information of the image to
be repaired, which belongs to the coarse repair process. In the second stage, the complete
structure map predicted in the first stage is used as guidance to repair the texture details
and color information of the missing regions. While maintaining the overall structural
integrity of the image, this stage further enhances the visual quality of the image. Guided
by structural information, the texture inpainting network can strengthen the generation of
the image’s contours, making the final inpainting result more realistic and refined. Both
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stages of the network use GAN. The specific approach and innovations are summarized
as follows:

1.  To better utilize the structural features, which are key characteristics of images, we
employ Holistically Nested Edge Detection (HED) [10] to extract edge structures in
the image inpainting task. By utilizing the extracted structural information to assist in
network training, this approach can more effectively constrain the network learning
process, alleviate blurriness in the images, and improve repair quality.

2. During the structural inpainting stage, the gated convolution is used to replace
traditional convolution in the iterative training process, allowing the generator to
effectively learn the relationship between the structural information of known re-
gions and the masked areas. By combining multi-scale discriminator architecture
and reconstructing loss functions, the spectral normalization is introduced into the
discriminator network to stabilize training.

3. In the texture inpainting stage, this paper incorporates an attention mechanism to
capture more accurately the effective features of the regions that require repair and
combines global and local dual discriminator structures to produce more realistic and
accurate inpainting results.

2. Relation Work

Recent advances in image inpainting can be broadly categorized into three types:
(1) Convolutional Neural Network (CNN)-based, (2) Transformer-based, and (3) Generative
model-based, such as GANs and diffusion models. Each of these approaches offers unique
strengths and limitations in addressing the challenges of structural coherence, texture
synthesis, and large-hole restoration.

2.1. Convolutional Neural Network (CNN)-Based Methods

CNNs, with their powerful feature extraction capabilities, have become foundational
in image inpainting. Early work focused on encoder—decoder architectures to learn con-
textual information for generating missing regions. Hui Zheng et al. (2020) proposed a
Dense Multi-scale Fusion Network (DMEFN) [11] for fine-grained image inpainting, incor-
porating a self-guided regression loss and geometric alignment constraints. This method
leverages dense combinations of dilated convolutions to achieve high receptive fields and
employs a discriminator with local and global branches to ensure content consistency,
substantially improving inpainted image quality. Traditional convolution-based meth-
ods often fill missing regions with substitute values, leading to color discrepancies and
blurring. To address this, Liu et al. (2018) introduced partial convolution for irregular
mask inpainting [12], proposing a mechanism to automatically update layer-wise masks by
setting weights to zero in missing regions, thereby avoiding erroneous filling. However,
partial convolution still faces challenges such as strong mask dependency and insufficient
long-range dependency modeling. Suvorov et al. [13] proposed the LaMa framework,
which employs Fast Fourier Convolution (FFC) to accelerate million-pixel image process-
ing by leveraging the frequency-domain global receptive field properties, resulting in a
threefold increase in inference speed compared to conventional methods. This is to further
harmonize global structures and local details. To address limitations in frequency-domain
methods, Chu et al. [14] improved LaMa’s FFC module by proposing Unbiased Fast
Fourier Convolution (UFFC), which suppresses high-frequency noise interference through
frequency-domain feature normalization, significantly enhancing the quality of complex
texture generation. Deep Neural Networks and Attention Mechanism for Image Inpainting
(DNNAM) [15] was introduced by Chen et al. in 2024. It interposes spatial-attention and
channel-attention modules between the encoder and decoder to dynamically recalibrate
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feature weights. Compared to pure Transformer-based approaches, DNNAM maintains
high inpainting quality while offering faster training and inference speeds, making it well
suited for real-time applications.

2.2. Transformer-Based Methods

Transformer models, with their superior long-range dependency modeling capabilities,
have introduced novel paradigms for image inpainting. Zhou et al. proposed TransFill [16],
which encodes images via Transformers to capture long-range dependencies and guides
inpainting with these features, yielding more consistent and natural results than CNN-
based approaches. Hassani et al. introduced NAT [17], which reduces computational
complexity through local neighborhood attention mechanisms while preserving global
modeling capabilities, enabling efficient high-resolution image inpainting. Li et al. [18] first
introduced the global self-attention mechanism into inpainting tasks through their Mask-
Aware Transformer (MAT). By dynamically aggregating long-range contextual information
via mask-aware attention weights, this approach achieved a significant improvement of
2.7 dB in PSNR metrics on the Places2 dataset to address the efficiency bottleneck in high-
resolution image inpainting. In the direction of dynamic mask optimization, Ko et al. [19]
proposed a Continuous Mask Tuner (CMT) that adjusts mask coverage through layer-wise
self-attention, progressively guiding the model to inpaint missing regions from coarse to
fine. This method resolves boundary artifacts caused by traditional fixed masks. Image
Completion Transformer (ICT) [20] is a Transformer-based image completion framework
designed to produce high-fidelity and multimodal inpainting results through holistic con-
text modeling. By pioneering the application of the Transformer’s self-attention mechanism
to image completion, ICT captures the global geometric and semantic relationships within
an image, enabling the precise reconstruction of intricate structures in missing regions.
In 2021, Kaiming He et al. proposed Masked Autoencoders Are Scalable Vision Learners
(MAE) [21]. The core idea of MAE is to randomly mask out portions of an image and then
train an autoencoder to reconstruct the occluded regions. In 2021, Zhao et al. proposed
co-modulation GAN (CoModGAN) [22]. CoModGAN introduces a co-modulation mecha-
nism that jointly applies conditional style vectors—extracted from the masked input—and
stochastic style vectors—sampled from random noise—in a single affine transformation
to modulate the weights of each convolutional layer in the generator. Inpainting Trans-
former (ITrans) [23] was proposed by Miao et al. in 2024. It employs a convolutional
encoder—decoder architecture for feature extraction and image synthesis, into which global
and local Transformer modules are inserted to flexibly capture contextual information at
multiple scales.

2.3. Generative Model-Based Methods

Diffusion models, probability-based generative approaches that iteratively denoise
data to synthesize images, have demonstrated exceptional performance in inpainting, partic-
ularly for large missing regions and complex scenes. Lugmayr et al. proposed RePaint [24],
utilizing a Denoising Diffusion Probabilistic Model (DDPM) to generate inpainted regions
by iteratively adding and removing noise. RePaint does not require task-specific train-
ing but relies on DDPM'’s reverse denoising process, guided by known image regions, to
produce contextually coherent results. Shortly thereafter, Litu et al. provided theoretical
insights into RePaint [25], mathematically analyzing key mechanisms such as convergence
and contextual consistency during denoising. Liu et al. introduced Tractable Steering [26],
a method to guide diffusion models by aligning intermediate variables with known image
regions at each denoising step, ensuring high consistency between generated and contex-
tual content. Corneanu et al. (2024) proposed LatentPaint [27], which combines latent
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space optimization with diffusion models for efficient inference without costly training,
achieving realistic inpainting results directly in the latent space. Fan et al. [28] designed a
second-order generative model, SCMFF, which generates structural constraints via an edge
restoration network to drive the image inpainting network in fusing multi-scale features.
This effectively mitigates semantic conflicts and enhances the naturalness of inpainted
regions. Jain et al. [29] focused on the synergistic generation of structure and texture.
By adopting a coarse-to-fine strategy based on StyleGAN [30], they first generated low-
resolution structural skeletons and then fused multi-level texture features through encoder
skip connections, achieving semantically consistent high-frequency detail reconstruction.
A Plug-and-Play Image Inpainting Model with Decomposed Dual-Branch Diffusion (Brush-
Net) [31], presented by Ju et al. in 2024, leverages a decomposed dual-branch architecture
to markedly enhance both the semantic coherence and visual quality of inpainting results.

3. Method
3.1. Network Architecture

The structure of the image inpainting network consists of two main parts: the structure
restoration network and the texture restoration network, both of which are based on GAN.
The structure restoration network is responsible for processing high-frequency information
in the image, namely the edge structure, which is crucial for ensuring the accuracy and
rationality of the overall repaired image structure. The texture restoration network, on
the other hand, handles the texture and details, which are important for the final image’s
texture and realism. The overall network structure is shown in Figure 1. The generators
of both networks are designed based on an encoder-decoder structure tailored for their
respective tasks at each stage. The discriminator in the structure restoration network adopts
a multi-scale discriminator, while the texture restoration network uses a dual-discriminator
setup comprising a global and a local discriminator.
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Figure 1. Our network configuration—a hierarchical adversarial network with two specialized
generators. Structural restoration: encoder-decoder with multi-scale residual blocks, supervised
by a multi-scale discriminator for edge coherence. Texture restoration: attention-augmented skip-
connections in the generator, constrained by dual discriminators.
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Our model completes the restoration in three stages: 1. Edge Detection Stage: The
HED (Holistically nested Edge Detection) edge detection algorithm is used to extract the
edge structure of the damaged input image. First, the damaged image is preprocessed
by converting the RGB input image I;;, into a grayscale image I¢qy, resulting in a single-
channel image. Then, the HED algorithm extracts the edge structure of the damaged image,
resulting in an incomplete edge map Ejg.. 2. Structure Restoration Stage: As shown in
Equation (1), the incomplete edge map E,4,., mask image M, and grayscale image Ig/qy are
used as the input Ej;,,+ for the structure restoration network. The mask image indicates
the shape of the missing region, where pixel values of missing areas are 1, and other
areas are 0. The structure restoration network adopts the GAN framework, consisting of a
generator and a discriminator. The discriminator is composed of two spectral-normalized
Markovian discriminators that operate at different scales. The generator and discriminator
engage in adversarial training, eventually leading the generator to produce a complete
edge structure map.

Einput = {lgrayz Ege, M} 1)

As shown in Equation (2), the generator and discriminator D,z undergo adversarial
training until a Nash equilibrium is reached, and the generator is capable of producing a
semantically consistent complete edge structure map Eejgeout-

Eedgeout = Gedge (Eirlput) 2)

3. Texture Restoration Stage: As shown in Equation (3), E, is the complete edge
structure map obtained by combining the predicted structure in the output from the second
stage and the unbroken parts of the incomplete structure mapE,, from the first stage. As
shown in Equation (4), the overall input G,gg.;, for this stage’s network is a concatenation
of the damaged image I;;, and the complete edge structure map E, g, along the channel
dimension, denoted as I;py;-

Eedgeout = Eedgeou‘t OM+ (1 - M) © Eedge (3)
Gedgein = linput = {ECOI Iin} (4)

3.2. Network Structure in the Test Phase

During the testing phase, since only the trained image restoration model is needed for
testing, only the generator path corresponding to the training phase is used to generate
images. The testing process for the model restoration proceeds as follows: 1. Edge Detection:
The damaged image is input into the edge detection network to extract edge information.
2. Structure Restoration: The detected edge results and the damaged image are input into
the structure restoration network’s generator G1 (Figure 1), which generates a complete
edge structure for the image. 3. Texture Restoration: The complete edge image and
the damaged image are then input into the texture restoration network’s generator G2
(Figure 1), producing the final restored image.

3.3. Structural Repair Network

The generator network’s first layer is a normalization layer, followed by two sequences
of downsampling layers. The middle part of the network contains a gated convolution
sequence with residual connections for feature extraction, consisting of eight gated con-
volutions. The downsampling modules use 4 x 4 convolutional kernels to maintain the
feature dimensions while minimizing information loss, thus reducing the computational
complexity. Gated convolutions improve the management of feature information flow
by integrating gating mechanisms, allowing the network to adaptively filter and update
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important features during backpropagation. This enhances the model’s ability to recog-
nize and extract high-frequency structural features, while reducing the impact of less
relevant features.

The gated convolution layers promote advanced spatial feature interaction, which
is essential for capturing complex spatial dependencies. The 12th and 13th layers are
upsampling layers that gradually restore the image to its original resolution. The structure
of the generator in the structure restoration network is depicted in Figure 2.

HXxXW HXW
H/2xW/2
H/2xW/2 Generator
//
g

H/4xXW/4

Y
Gated Conv

Ground Truth

Multi-scale discriminator

f Real/Fake?

Dl GAN Loss

Multi-scale discriminator

L» y A ‘ t Real/Fake?

/ D2 GAN Loss
Ground Truth

Figure 2. Structure Repair Network Generator. The edge repair phase consists of eight gated
convolutional blocks that are sampled and then discriminated by a multiscale discriminator.

The discriminator network consists of two spectral-normalized Markov discriminators
working at different scales. These discriminators engage in adversarial training with the
generator. The small-scale discriminator focuses on the global structure’s coherence, while
the large-scale discriminator guides the generator to produce detailed textures. Spectral
normalization is introduced to improve the detail quality of the predicted image structure
and stabilize the training process. Combined with the hinge loss function, this improves
the accuracy of edge structure restoration.

3.4. Texture Repair Network

The structure of the texture restoration network’s generator is shown in Figure 3.
After obtaining the complete edge structure information from the structure restoration
network, the image containing the complete edge structure and the damaged image are
fed into the second-stage network. The texture restoration network primarily employs a
multi-scale feature fusion approach for deep feature extraction. Through the combination
of different convolution kernels, the network extracts and fuses multi-scale and deep-level
image features.
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Figure 3. Structure of texture repair network generator.

The generator consists of convolutional downsampling blocks, a partial convolutional
attention module (PCAM), a multiscale pyramid feature fusion module (MPFF), a self-
attention mechanism block, and convolutional upsampling blocks. The downsampling
module is made up of convolution layers, normalization layers, and ReLU activation func-
tion layers. By stacking multiple convolution layers, the network progressively abstracts
and extracts higher-level image features, as illustrated in Figure 4. The input of the convo-
lutional downsampling module is skip-connected with the output of the 3 x 3 convolution,
fusing feature maps at different scales. The input of the first convolutional downsampling
block is skip-connected with the output of the 1 x 1 convolution of the second block,
while the 3 x 3 convolution outputs of the second to sixth downsampling blocks are skip-
connected with the 1 x 1 convolution outputs of the previous block. By utilizing multiple 1
x 1 convolution layers, non-linear activation functions are introduced into each convolution
layer, enhancing the model’s expressive power and non-linear mapping capabilities.

/A | L/

NE
N1

Figure 4. Structure of texture repair network downsampling module.

The convolutional upsampling module consists of transposed convolution layers,
a self-attention mechanism module, normalization layers, and ReLU activation layers,
as shown in Figure 5. It is composed of 1 X 1 convolutions, transposed convolutions,
self-attention feature modules, and 3 x 3 convolutions. The network contains six sets of
convolutional upsampling modules, corresponding to the convolutional downsampling
modules. The input of each upsampling module is a combination of the output from the
previous upsampling module and the output of the corresponding 3 x 3 convolution layer
from the downsampling module. By skip-connecting the downsampling and upsampling
layers, the shallow information lost during feature extraction is restored in the decoding
stage, enabling the network to retain more original details.

The multi-scale pyramid feature fusion (MPFF) is composed of dilated convolutions
with different dilation rates. Dilated convolutions can exponentially increase the recep-
tive field without changing the size of the convolution kernel, allowing the model to
capture more extensive contextual information. The attention mechanism block includes
self-attention, channel attention, and pixel attention blocks to capture relationships be-
tween internal image features. Additionally, skip connections between the encoder and
decoder facilitate direct information transmission, enabling the network to effectively fuse
multi-scale features while ensuring that both fine-grained and coarse-grained information
captured during encoding and decoding is fully utilized. This improves the quality of
image restoration, both in detail recovery and overall structural reconstruction.



Mathematics 2025, 13, 2370

9 of 25

Tdejy aImea]
N1A
N1

ZdeN amjea ]
cdeN amiea]

i f
3 iz

Concat Concat

Figure 5. Structure of the sampling module on the texture repair network.

The structure of the texture restoration network’s discriminator is illustrated in
Figure 6. The global discriminator evaluates the entire image, calculating the global dif-
ference between the generated image and the ground truth, while the local discriminator
assesses differences between specific regions of the ground truth and the generated image.
Both global and local discriminators [4] extract high-level semantic features from input
images through downsampling operations, computing the corresponding global and local
losses. To focus on the repaired areas, pixels in the unbroken regions of both the ground
truth and the repaired image are set to zero, leaving only the repaired areas for the local
discriminator to process. This approach allows the local discriminator to adapt to training
on irregular missing regions.

Update

Global Ground Truth Global Discriminator

—— Real/Fake?
Broken Image

B Generator '

5x5 Conv. SepctralNorm LeakyReLU

—+—> Real/Fake?

5x5 Conv. SepctralNorm LeakyReLU

Update

Figure 6. Discriminative structure of texture repair network.

The global and local discriminators use convolutional layers to extract image features,
with the same structure but different inputs. All convolutional layers use 5 x 5 kernels to
capture broader image features in a single operation. Smaller convolution kernels might
cause the discriminator’s loss to quickly approach zero, indicating insufficient training or
that the generator is too easily deceiving the discriminator. The 5 x 5 kernel helps maintain
stability in training. Spectral normalization and LeakyReLU activation are applied after
each convolutional layer to further enhance model performance.

The Channel Attention Module (CAM) [32] enables models to autonomously focus on
feature channels relevant to missing regions while suppressing less informative ones. By
dynamically weighting channel-wise features, The Context Aggregation Module (CAM) ef-
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fectively reduces redundant computations and enhances generalization capabilities through
its adaptive mechanism designed for diverse corrupted inputs. Specifically, CAM ana-
lyzes the characteristics of different corrupted images and selectively processes relevant
information, avoiding unnecessary calculations for redundant or uninformative regions.
This selective processing not only optimizes computational efficiency but also enables
the model to learn more robust features that are applicable across various types of image
corruption. As a result, the model equipped with CAM can better generalize to unseen
corrupted inputs, demonstrating improved performance on different datasets and real-
world scenarios compared to models without such an adaptive mechanism. Multi-scale
discriminators [33] improve the balance between high-frequency detail preservation and
low-frequency structural generation in GAN. Compared to single-scale discriminators,
multi-scale architectures extract diverse features across resolutions, capturing both global
layouts and local textures. This approach enlarges the effective receptive field, strengthens
inter-region correlations, and provides multi-level gradient signals to guide the generator
toward photorealistic outputs.

3.5. Loss Function
3.5.1. Structure Restoration Network Loss Function

The structure restoration network primarily focuses on restoring the damaged edges
of an image, producing a black-and-white structural edge map containing the fundamental
structural information of the image to be repaired. The network emphasizes the structural
information of the damaged image. The pre-processing of the input for the structure
restoration network is as follows. Let the input real image sample be x, the edge map
extracted by the edge detection algorithm be Ey, and the grayscale image be I,. The
processed grayscale image is defined as Iy = Iy ©(1 — M), where M is a binary mask
image, and the damaged edge map is Ex = Ex ©O(1 — M). The network’s input consists
of the grayscale image Iy, the edge map E,, and the binary mask M. The process of the
structure restoration network is represented by Equation (5):

Epred = Ge(Iy, Ex, M) (5)

where G, represents the processing of the generator network, and E,,,; denotes the
predicted complete edge map. The discriminator network inputs are E.; and the edge
map extracted by the edge detection algorithm is denoted as E,. The combined loss of the
structure restoration network includes L; loss, feature matching loss, and the hinge loss of
the generative network, as defined by Equation (6):

L= AlLrec + AZLDS” + A3LFm (6)

where L. represents the pixel-level L; reconstruction loss, Lps: represents the spectral
normalization Markov discriminator loss, and Ly, is the feature matching loss. A1 A and
A3 are weights to balance these losses. The generator lossL¢ is shown in Equation (7). The
spectral normalization Markov discriminator lossLps: is defined in Equation (8).

Lg = —E, p (5 [D"(G(2))] )

Low = E [ReLU(1 — D'(x))] + E.p. () [ReLU(1 + DV(G(z)))]  (8)

x~Pdata (x)
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D*" is the Markov discriminator, and the generator’s predicted structure is denoted as
G(z), with z representing the damaged input image. The L; loss measures the pixel-level
error between the ground truth and predicted values, as shown in Equation (9):

L) = [M© (x  F((1- M) 0 )| ©)

The encoding process in the structure restoration network is represented by F(-).
Similar to perceptual loss, feature matching loss compares intermediate activation maps of
the discriminator network to constrain the training process. Unlike perceptual loss, feature
matching loss only compares specific layers’ activation maps in the discriminator network.
The feature matching loss is defined in Equation (10):

1
L = —
Fm Zl. N;

where N; denotes the number of elements in the I activation layer, E 4 is the real com-

Di(Egt) — Di(Epred), (10)

plete edge structure map, and E . is the predicted edge map generated by the generator.
D represents the activation map in the I selected layer of the discriminator network.

3.5.2. Texture Restoration Network Loss Function

The loss function of the texture restoration network comprises pixel reconstruction
loss, perceptual loss, style loss, and adversarial loss. The pixel reconstruction loss helps
the network learn to reduce the pixel-level differences between the generated image and
the original image, directly optimizing the details and clarity of the image. Perceptual
loss ensures that the generated image visually resembles the real image, while style loss
helps the network capture and replicate the style characteristics of the original image,
enhancing consistency in structural restoration. Let the real image sample be X, and the
sampling process of the encoder be represented as F(-). M is a binary image mask. The
pixel reconstruction loss Ly, computes the L, distance between the generated image and
the ground truth, as defined by Equation (11):

Liee(x) = [M© (x = F((1 = M) @) [; an

To avoid blurring in the restoration results caused by relying solely on pixel recon-
struction loss, perceptual loss Ly is introduced, as proposed by Johnson et al. [34]. Unlike
pixel reconstruction loss, perceptual loss compares consistency between different levels of
feature representations, ensuring similarity in multi-scale features between low-resolution
and high-resolution images, as defined by Equation (12):

1
Lprec = ZﬁiH(Pi(th) = ¢i(lin)|ly (12)

where ¢; is the activation map of the I layer of the pre-trained VGG19 network [34],
and Nj, represents the number of elements in the activation map of the I layer. I;;, denotes
the noisy input image, and C,,; represents the denoised output image. Since the texture
restoration stage involves pixel filling in the damaged area, style loss is introduced to
ensure consistency between the style of the generated pixels and the unbroken region,
helping to merge the style of the original image into the generated area. Style loss measures
the L; distance between the Gram matrices of deep features from the real and generated
images at the I layer, as defined by Equation (13):

‘G?(Cout) - G;P(Iin)

Lstyle =E; { } (13)
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where Gl.(’) is the Gram matrix constructed from the activation map ¢; of the i-th layer.
I, denotes the noisy input image, and C,;; represents the denoised output image. The final
style loss for the texture restoration network consists of global and local discriminator style
losses, as expressed in Equation (14):

Lstyle = /\nglobal_style + )\lLlocal_style (14)

where A and A; are hyperparameters balancing the different losses, with a ratio of
3:2. The adversarial loss L4, focuses on the high-frequency details of the image and is
computed using a cross-entropy loss function, as shown in Equation (15):

Laay = E[log (D(in))] +E[log (1 ~ D(Cou))] (15)

By combining the above loss functions, the total loss L is obtained, as expressed in
Equation (16):
L= A1Lrec + /\2Lprec =+ /\3Lstyle + A4Ladv (16)

where Ay, Ay, A3, and A4 are adjustment parameters. These loss functions accelerate
the network’s training process, improving the quality of the restored image during training.
During testing, the network parameters are fixed, and loss functions are not computed.

4. Experiments
4.1. Environment

For a fair comparison, we use publicly available models tested on the same masks. In
the experiments, we used Ubuntu 20.04.1, with a hardware setup consisting of two Intel E5-
2680V3 CPUs, two NVIDIA TITAN V GPUs with 12 GB VRAM each, and 128 GB of RAM.
The framework chosen for implementation was PyTorch (version 1.8.0), and the Adam
optimizer was used to optimize the networks. All images, including the mask images, were
resized to 256 x 256 before being fed into the network for training. A BatchSize of 8 was
used per GPU.

The learning rate was initially set to 104, and to prevent overfitting or oscillations as
the model approached an optimal solution, it was reduced to 10~°. The Adam optimizer
was configured with the first moment (1) set to 0.5 and the second moment () to space
stability during training. The structure and texture repair networks were trained using
specific loss functions and parameters. For the structure repair network, the weighted
parameters were set to A1 =1, Ay =1, and A3 = 10, while for the texture repair network,
the parameters were A; =1, A = 0.1, A3 = 250, and A4 = 0.2. These values were fine-tuned
using a combination of experimental methods and binary search to find the most optimal
settings for network training.

4.2. Datasets

The experiments in this study used two benchmark datasets, CelebA [35] and
Places?2 [36], to verify the effectiveness of the proposed model for image inpainting. Places2:
This dataset is notable for its large sample size and rich diversity, covering a wide range
of indoor and outdoor scenes. It provides a challenging environment for testing image
inpainting across various context types. CelebA focuses on face images, featuring a large
number of samples with diverse face orientations and types. This dataset is ideal for evalu-
ating the model’s performance in face image restoration, a task that requires preserving
fine facial details and structure.

For both datasets, 100,000 images were selected, with 90,000 images used for training
the structure and texture repair networks, and 10,000 images reserved for testing. To
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simulate missing areas in the images, the study employed an irregular mask dataset from
a previous study, which was designed to represent unpredictable damage or occlusions.
During training, various transformations were applied to the masks, such as random
rotations, horizontal flips, and vertical flips, to increase the model’s robustness to different
orientations and perspectives, enhancing its ability to generalize to unseen scenarios. This
strategy also effectively augmented the training data, improving the model’s capacity to
handle various types of distortions.

4.3. Training Process

The training process for the proposed model is divided into two main parts: pre-
training and joint training.

4.3.1. Pre-Training Phase

Structure Repair Network: Initially, the structure repair network is pre-trained. During
each training iteration, m samples are randomly selected from the dataset. Edge Structure
Extraction: These samples undergo preprocessing, where an edge detection algorithm is
applied to extract the edge structures. The images are then converted to grayscale. Irregular
Masking: The extracted edge structures and grayscale images are subjected to irregular
masking to simulate the degradation process. This results in m damaged edge structure
images and grayscale images.

Edge Structure Prediction: These preprocessed samples are fed into the structure
repair network to predict complete edge structures. The generated edge structures are
then validated using the discriminator network, which is trained using feature matching
loss, adversarial loss, and L1 reconstruction loss. Training Cycle: After every k rounds of
training for the discriminator, the structure generation network is trained to update the
generator parameters.

4.3.2. Texture Repair Network Training

The texture repair network follows a similar training approach, first training the dis-
criminator before training the generator. The m complete edge structure images (from
the structure repair network) and the masked original images are input into the texture
repair network’s generator, producing m repaired images. These generated images and
the corresponding ground truth images are sent to the discriminator, where multiple loss
functions—pixel reconstruction loss, perceptual loss, style loss, and adversarial loss—are
used to update the discriminator parameters. After k rounds of training for the discrimina-
tor, the structure repair network’s completed images are fed back into the texture repair
network’s generator to update its parameters.

4.3.3. Joint Training

During joint training, the processes for both networks run concurrently; the structure
generator and texture generator work together to generate images that the texture discrim-
inator cannot classify as real or fake. The texture discriminator attempts to distinguish
between real data samples and generated samples. This alternating training helps each
generator focus on its specific repair task, improving the overall performance of the model.
This structured approach allows for effective training and collaboration between the net-
works, ensuring that both structural integrity and textural details are adequately restored
in the images. The overall flow chart for training is shown in Figure 7.
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Figure 7. Overall flow chart for training, illustrating the process of taking m images for training and
discriminating them afterwards, training for k rounds.

4.4. Analysis of Experimental Results

To assess the efficacy of the proposed repair model, this section conducts a comparison
with several cutting-edge models renowned for their remarkable inpainting outcomes. All
these models adhere to a two-stage GAN framework for image inpainting. The models
chosen for comparison are as follows: (1) Mask-Aware Transformer for Large Hole Im-
age Inpainting (MAT) [18]: This approach introduces a Transformer-based architecture
integrated with dynamic mask-aware attention to tackle large-hole image inpainting. By
decoupling masked features and noise generation into dual branches, MAT effectively
merges global structural consistency with local texture refinement, thereby achieving high-
fidelity results on high-resolution images. (2) Contextual Attention-based Image Inpainting
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(CA) [37]: This model employs a content-aware attention mechanism, which focuses on
relevant regions of the image during the inpainting process. This mechanism ensures that
the generated content remains coherent with the contextual information of surrounding
pixels. (3) Transformer with Partial Convolutions for Image Inpainting (TransInpaint) [8]:
This hybrid methodology combines the global context modeling capability of Transformers
with the spatial adaptability of partial convolutions. TransInpaint leverages self-attention
to capture long-range dependencies and utilizes partial convolutions to concentrate on
valid pixels around irregular holes, thereby enhancing both structural integrity and texture
details. It demonstrates robustness in handling complex masks and achieves competitive
performance on benchmarks such as Paris Street View. (4) EdgeConnect: Structure Guided
Image Inpainting using EdgeConnect Prediction (EC) [38]: This technique integrates edge
prediction with texture synthesis, utilizing pre-existing edge information to guide the
inpainting process and enhance the structural integrity of the restored regions.

4.4.1. Quantitative Analysis

For quantifying the data, PSNR and SSIM [39] metrics were employed to evaluate
the peak signal-to-noise ratio and structural similarity index of the repair results across
different models, focusing on varying datasets and corresponding missing areas. The
experimental results are presented in tables summarizing these comparisons.

As shown in Table 1, the performance metrics of this algorithm significantly outper-
form those of the other comparison algorithms. The gated convolution sequence embedded
within the structural repair network effectively filters out low-correlation pixels, enhancing
the network’s ability to associate high-correlation image content with damaged areas. This
improves the consistency between the undamaged regions and the generated areas, allow-
ing the model to more accurately extract and restore the structural features of the image.
With the aid of structural information, the final output of the texture repair network ex-
hibits better structural consistency, confirming that the two-stage network model possesses
excellent repair performance.

Table 1. Image inpainting performance comparison on Places2 dataset. 1 stands for higher data
values for better performance. | stands for lower data values for better performance.

Method PSNR 1 SSIM [39] 1 LPIPS [40] | FID [41] |
ICT [20] 26.503 0.880 - -
LaMa [14] - 0.851 0.121 8.51
MAT [18] - 0.862 0.11 8.39
TransInpaint [8] - 0.844 0.13 10.97
EdgeConnect [38] 21.16 0.731 - 14.98
Ours 27.68 0.878 0.095 7.34

As shown in Table 2, the performance of the network model on the CelebA dataset
surpasses that on the Places2 dataset. This is mainly because the images in the CelebA
dataset, consisting of facial images, typically have clearer contours and more distinct
features. As a result, the model can more easily identify and leverage these features during
image restoration, leading to improved precision and quality in repairs. On the other
hand, the Places2 dataset comprises a variety of different scenes, which are generally more
complex and diverse than the images in CelebA. The Places2 images contain more intricate
details, textures, and often more noise and distortion. Thus, repairing these images requires
the model to use more sophisticated and efficient algorithms, which can reduce the overall
restoration accuracy and quality.



Mathematics 2025, 13, 2370

16 of 25

Table 2. Image inpainting performance comparison on CelebA dataset. 1 stands for higher data
values for better performance. | stands for lower data values for better performance.

Method PSNR 1 SSIM 1 LPIPS | FID |
ICT [20] - - - -
LaMa [14] 24.224 0.925 0.085 493
MAT [18] - 0.936 0.074 4.54
TransInpaint [8] - 0.908 0.101 6.34
EdgeConnect [38] 25.28 0.846 - 2.82
Ours 27.67 0.897 0.048 6.28

As shown in Table 3, on the Image-net dataset, our method outperforms other com-
parative methods across multiple metrics. In terms of PSNR, our method achieves 27.6,
which is higher than ICT, LaMa, MAT, TransInpaint, and EdgeConnect. For SSIM, ours
surpasses LaMa, TransInpaint, and EdgeConnect, and is competitive with ICT and MAT.
Regarding LPIPS, ours is better than ICT, LaMa, MAT, TransInpaint, and EdgeConnect. For
FID, our 7.6 outperforms all others like ICT, LaMa, MAT, TransInpaint, and EdgeConnect.
This shows that our method has excellent performance in image restoration on the Image-
net dataset, with advantages in both objective quality metrics and perceptual similarity,
effectively restoring image details and structural information.

Table 3. Comparison of methods based on performance metrics on Image-net dataset. 1 stands for
higher data values for better performance. | stands for lower data values for better performance.

Method PSNR 1 SSIM 1 LPIPS | FID |
ICT [20] 26.2 0.872 0.112 9.8
LaMa [14] - - - -
MAT [18] 26.5 0.816 0.128 10.24
TransInpaint [8] - 0.776 0.166 11.2
EdgeConnect [38] 22.3 0.785 0.141 12.5
Ours 27.6 0.880 0.098 7.6

From the overall results, it is evident that the proposed model shows improvements
across various metrics on both datasets. This suggests that the generative adversarial
network (GAN) training in the model is more stable, and the quality of the generated
repair images is significantly better. These results validate the effectiveness of the proposed
algorithm in image restoration tasks.

4.4.2. Qualitative Analysis

Figure 8 shows the restoration results of the proposed model compared to other
algorithms on the Places2 dataset. As observed in the figure, the CA algorithm struggles
with color consistency, leading to blurring in finer details. Specifically, at the edges of
missing regions, there is an unnatural transition between colors and a visible disconnect
between the restored area and the original image. Additionally, for scene images, CA results
in distorted and unnatural structures, especially in reconstructing textures and semantic
information of objects like buildings. It also performs poorly when the missing regions are
large, demonstrating limited effectiveness beyond smaller gaps. In contrast, both the EC
(EdgeConnect) and the proposed model excel in recovering complex structural information,
particularly in maintaining edge consistency around damaged areas. However, EC falls
short in terms of image clarity, as seen in the first row of results, where it fails to clearly
reconstruct the pink stripes on a door and inaccurately restores the red color of the door.
There is a significant improvement in the effect of the MAT method. However, there are
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still some cases of uneven color. Both EC and the proposed model, however, demonstrate
superior color consistency and seamless blending at the edges of the damaged regions.
From a subjective visual perspective, the proposed model shows impressive restoration
performance on the Places2 dataset, particularly when dealing with irregular masks. This
highlights its effectiveness in restoring both texture and structural details in complex scenes.

=i mEymE T E
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(a) R/iask‘map (b)CA (c) EC (d) MAT (e5 Our_s (f) Original image

Figure 8. Sample of repair results on the Places2 dataset. CA restoration has obvious noise of
artifacts. Compared with EC, our restoration has a more natural connection between the vessel and
the environment, with good structural coherence. And compared with MAT, our restoration has a
more realistic wall texture and lighting effect of the hut.

Figure 9 presents a comparison of restoration results between the proposed model and
the CA, MAT, and EC on the CelebA dataset. The results indicate that the proposed model
excels in restoring facial details accurately, preserving semantic integrity, and avoiding
pixel blurring. Specifically, it demonstrates superior performance in reconstructing complex
facial structures, ensuring that the restored images look more natural and consistent. In
contrast, the CA model fails to adequately restore the semantic information of facial images,
leading to significant blurring. This is particularly evident in the first and third rows of the
comparison, where the eyes in the restored images show clear inconsistencies, resulting in
visually unrealistic outcomes. The MAT model also suffers from some blurring, such as the
eyes and mouth. This distortion prevents the model from generating a realistic appearance.
While the EC model achieves relatively good restoration results, it still struggles with
some blurring, especially in finer details like facial textures. Compared to the proposed
model, EC falls short in producing detailed and precise textures. Overall, the results
show that the proposed model outperforms the other models on the CelebA dataset when
handling irregular masks, yielding visually superior restoration results. The restored
regions blend more seamlessly with the surrounding intact areas, creating a more natural
and coherent appearance.

Figure 10 shows the comparison of the restoration effects of our model and other
models on the Image-net dataset. Experiments indicate that our method outperforms other
methods in terms of the accuracy of image restoration, the degree of detail restoration, and
the overall visual effect. In the three images, before restoration, the stingray in the first
image, the rooster in the second image, and the cutlery in the third image are obscured
by irregular white areas, making it difficult to distinguish the details. The EC method has
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restored them, but there are obvious shortcomings, such as poor restoration of the stingray
pattern, rooster feathers, and cutlery pattern. The MAT method has improved somewhat,
but it still cannot restore the real appearance completely, such as the texture of the skin of
the stingray, the luster of the rooster feathers, and the color details of the cutlery are not
sufficiently fine. The details of the skin texture of the stingray, the shine of the rooster’s
feathers and the color of the tableware are not fine enough. In contrast, our method not
only accurately restores the clear outlines, delicate textures and vivid colors of the subject,
but also perfectly renders its real texture, and the restored image is almost the same as the
original one.

(a) Mask map (b) CA (c) EC (d) MAT (e) Ours  (f) Original image

Figure 9. Sample of repair results on the CelebA dataset. Compared with the EC method, ours
restores a more natural transition of light and shadow on the faces of the restored characters, and
there is no hard difference between light and dark. Compared to MAT, ours restores fine textures
such as hair strands with no blurring or clutter.

(a)Mask map . (b) EC (c) MAT (d) ours (e) Original image

Figure 10. Sample of repair results on Image-net dataset. EC and MAT methods failed to fully restore
clarity and texture, while our method accurately recovers sharp outlines, vivid details, and natural
textures, matching the original images closely.



Mathematics 2025, 13, 2370

19 of 25

4.5. Ablation Experiments

To evaluate the impact of various components on the model’s repair performance and
understand their functions, an ablation study was conducted. This study re-trained the
model on the Places2 dataset under the same hardware conditions after removing different
modules from the overall network. The modified models were compared against the full
model using the same test images, with quantitative comparisons performed using four
objective metrics: PSNR, SSIM, LPIPS, and FID.

4.5.1. Impact of Edge Structure Guidance on Model Performance

To examine how using edge structure maps as priors affects the final image restoration,
the structural restoration network was removed in this experiment. Instead, images with
missing areas were directly fed into the texture restoration network. The results were com-
pared with those from the complete model, both subjectively and through objective metrics.

As shown in Figure 11, without the guidance of auxiliary structural information,
the restored images exhibit significant structural deficiencies. The model struggles to
correctly identify texture boundaries, leading to a loss of semantic structure and poor visual
appearance. Clear restoration artifacts are visible, with evident discontinuities between the
restored areas and intact regions. When structural information is incorporated, the texture
restoration network can better discern image boundaries. When the edge structure map
has reasonable semantics, the restored image likewise reflects a coherent semantic structure.
This demonstrates the importance of edge structure guidance for achieving higher-quality
image restoration.

(a) Original image (b) Broken image  (c) Unstructured boot module (d) Full model

Figure 11. Ablation experiment results. Full model is more accurate in the details, such as the
texture of the house doors and windows; the color and shadow are more natural, and the overall
visual effect is close to the original image, which has significant advantages over the unstructured
bootstrap module.

As seen in Figure 12, the inclusion of gated convolution significantly enhances the
restoration results. The gated convolution operation filters out low-correlation features,
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allowing the gate selection unit and feature extraction unit to update the filter parameters
based on the changes in features after each convolution operation. The learned gating
signals help determine which information should be retained or suppressed, effectively re-
ducing the propagation of irrelevant information. Through this mechanism, when training
the generative adversarial network iteratively, the model can effectively learn the relation-
ship between the known regions’ structural information and the damaged portions. This
helps suppress the influence of less correlated pixel regions on the structural prediction,
thereby improving the rationality and accuracy of the generated image’s edge structure.
This approach strengthens the coherence between the restored areas and the intact regions,

leading to more seamless and realistic repair outcomes.

(a) Original image (b) Broken image (c) Ungated convolutional sequence (d) Full model

Figure 12. Graph of ablation experiment results. Compared with the ungated convolutional sequence,
the Full model outlines the image with more complete and clearer lines, which is an obvious advantage
in detail rendering, and can better reproduce the structural features of the image.

From the comparison of various metrics in Table 3, it is evident that structural information
has a significant impact on the final restoration performance of the model. Edge structure
contour information provides a representation of the basic shapes and spatial relationships
of objects within an image. This structural outline acts as crucial guidance for the texture
restoration network, allowing it to better align with the overall structure of the image.

During the texture detail restoration process, the network can use structural informa-
tion to generate textures that are more consistent with the surrounding environment, thus
maintaining the overall coherence and continuity of the image. After incorporating structural
priors, the generated images show significant improvement in the SSIM. By leveraging the
edge structure contour information, the texture restoration network can more accurately
determine which areas require texture filling and what characteristics the filled texture should
have. This helps guide the network in generating more realistic and naturally coherent texture
details, ultimately improving the overall quality of the restoration.

4.5.2. Impact of the Attentional Characteristics Module on Model Performance

To verify the impact of using attention feature modules on the final image restoration
task, experiments were conducted by removing different attention modules from the texture
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detail restoration model while keeping other conditions constant. The system architecture
is constructed based on the Multiscale Pyramid Feature Fusion Module (MPFF) and the
Multiscale Dilated Fusion (MDF) as foundational components. Specifically, the model
was retrained without the channel and partial Convolutional Attention Module (PCAM
module) and without the self-attention feature module (SAM module) . These modified
models were compared with the full model under the same hardware conditions, and the
results of the comparison experiments are presented in Tables 4 and 5.

Table 4. Comparison of evaluation indicators. 1 stands for higher data values for better performance.
J stands for lower data values for better performance.

Models/Indicators PSNR 1 SSIM 1 LPIPS | FID |
full model 29.37 0.874 0.04896 6.2876
Pconv 28.84 0.832 0.05137 6.4751
Guidance Models 27.16 0.719 0.05805 7.6436

Table 5. Comparison of evaluation indicators. 1 stands for higher data values for better performance.
| stands for lower data values for better performance.

Models/Indicators PSNR 1 SSIM 1 LPIPS | FID |
PCAM + SAM + MDF + MPFF 28.37 0.783 0.05128 6.6525
SAM + MDF + MPFF 27.15 0.729 0.05803 7.2143
PCAM + MDF + MPFF 26.84 0.706 0.06271 7.8912

Based on the experimental results, it can be concluded that the attention mechanism
modules significantly improve the image restoration network’s performance. The attention
modules help the model focus on relevant information, leveraging the self-similarity within
the image. This enhancement allows the model to effectively restore damaged regions
with higher quality. By introducing the channel attention module, the network can better
learn and understand the content of the image, improving its ability to represent features.
Each channel in the image represents different color and texture details. The channel
attention module captures dependencies between channels and assigns weights based on
their importance, which helps the network capture detailed information and contextual
relationships across the image. The self-attention mechanism allows the model to focus on
both the damaged regions and the surrounding context. This helps the model accurately
capture important features for repairing the missing areas. The self-attention mechanism
leverages the self-similarity in the image, guiding the network to focus on small but similar
features across different locations and scales. This leads to more precise and realistic
texture detail in the final restoration result. In summary, both the channel attention and
self-attention modules contribute to the model’s ability to capture detailed textures and
context, resulting in a significant improvement in the quality of the restored images.

4.5.3. Impact of Various Layers in the VGG-Based Perceptual Loss on Model Performance

As shown in Table 6, in the exploration of model performance influenced by VGG-
based perceptual loss, different layer combinations exhibit distinct impacts on key evalua-
tion metrics. For the combination of convl_2 + conv2_2, the model achieves a PSNR value
of 28.5 and an SSIM value of 0.89. These values indicate a certain level of performance in
terms of reconstructing image quality, where PSNR measures the ratio between the maxi-
mum possible power of a signal and the power of corrupting noise, and SSIM evaluates
the structural similarity between the generated and original images. When examining
the combination of conv3_3 + conv4_3, a more favorable performance is observed. The
PSNR reaches 30.1, and the SSIM is 0.93. This substantial improvement suggests that these
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middle-level layers play a crucial role in capturing more discriminative and structurally
relevant features for the perceptual loss. The higher PSNR implies a reduction in noise-like
artifacts, and the increased SSIM reflects a closer match in structural information with the
ground truth. For the single layer conv5_3, the PSNR is 29.2 and the SSIM is 0.90. Although
the performance is slightly lower than that of conv3_3 + conv4_3, it still demonstrates a
relatively good ability to preserve image structure and reduce distortion. This indicates
that deeper layers like conv5_3 also contribute significantly to the perceptual quality, but
perhaps in a different manner compared to the combined middle-level layers.

Table 6. Performance metrics for different layer combinations. 1 stands for higher data values for
better performance.

Layer Combination PSNR 1 SSIM 1
convl_2 + conv2_2 28.5 0.89
conv3_3 + conv4_3 30.1 0.93
convb_3 29.2 0.90

5. Discussions and Future Work

Our proposed model, despite its remarkable achievements, faces certain limitations.
Model performance limitation: The model performance decreases significantly when
dealing with large hole areas and complex texture structures. For large-area holes, it is
difficult for the current model to accurately predict the structure and details of the missing
regions, leading to deficiencies in structural coherence and semantic consistency of the
restored images. In complex texture scenes, the model is unable to accurately capture
the subtle changes and complex patterns of the texture, and the restoration results often
show blurred, distorted, or repetitive textures, which cannot achieve the ideal visual effect.
Computational resource limitation: The computational complexity of the model increases
dramatically when dealing with images containing large holes or complex textures. Due
to the need to deal with more unknown information and complex features, the training
and reasoning time of the model grows significantly, and the demand for computational
resources is higher, which limits the application of the model in scenes with high real-time
requirements or limited resources.

We plan to design a layered attention module, with the bottom layer focusing on
cross-modal matching of local texture details and the top layer used for global semantically
guided structural alignment, to solve the semantic conflict problem in cross-scale texture
mixing scenarios. We also plan to extend the current 2D image restoration model to 3D
scene understanding, and study how to deal with hole restoration and texture filling in 3D
space to provide more powerful technical support for virtual reality, augmented reality, 3D
modeling and other fields. Explore multimodal restoration: We plan to carry out research
on multimodal image restoration, combining RGB images, depth maps, semantic maps
and other modal information to provide richer contextual clues for the model, and further
improve the restoration effect of the model in complex scenes, so that it can generate more
realistic and accurate restoration results.

6. Conclusions

This study presents a comprehensive framework for image inpainting that systemati-
cally integrates structural priors and advanced deep learning architectures to address critical
challenges in visual restoration tasks. We implement a hierarchical discriminator architecture
incorporating spectral normalization and adversarial hinge loss optimization. This configura-
tion enables progressive refinement of edge reconstruction accuracy across spatial frequencies
while maintaining training stability. The generator network integrates a hybrid attention
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mechanism with pyramidal feature fusion, enabling simultaneous processing of local texture
patterns and global contextual coherence. This multi-scale fusion strategy is further enhanced
through skip-connected dilation convolutions that expand the network’s receptive field with-
out sacrificing detail resolution. The experimental results substantiate three key advancements:
(1) effective mitigation of boundary artifacts through physics-informed structural constraints;
(2) enhanced texture synthesis via attention-based multi-scale feature correlation; (3) improved
generalization capabilities across diverse inpainting scenarios. This work provides both the-
oretical insights into structural prior utilization and practical solutions for complex image
restoration challenges, particularly in medical imaging and heritage conservation applications
where geometric accuracy is paramount.
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