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ABSTRACT: Image inpainting refers to synthesizing missing content in an image based on known information to
restore occluded or damaged regions, which is a typical manifestation of this trend. With the increasing complexity of
image in tasks and the growth of data scale, existing deep learning methods still have some limitations. For example,
they lack the ability to capture long-range dependencies and their performance in handling multi-scale image structures
is suboptimal. To solve this problem, the paper proposes an image inpainting method based on the parallel dual-
branch learnable Transformer network. The encoder of the proposed model generator consists of a dual-branch parallel
structure with stacked CNN blocks and Transformer blocks, aiming to extract global and local feature information from
images. Furthermore, a dual-branch fusion module is adopted to combine the features obtained from both branches.
Additionally, a gated full-scale skip connection module is proposed to further enhance the coherence of the inpainting
results and alleviate information loss. Finally, experimental results from the three public datasets demonstrate the
superior performance of the proposed method.

KEYWORDS: Artificial intelligence; image inpainting; transformer network; dual-branch fusion; gated full-scale skip
connection

1 Introduction

With the rapid advancement of artificial intelligence (AI) technology, we are entering a new era driven
by intelligent systems that are not only capable of understanding complex data patterns, but also adapting
to changing environmental demands. The proliferation of AI-driven adaptive systems brings unprecedented
capabilities for managing distributed computation, fostering innovation in a variety of fields. In this context,
image restoration techniques under deep learning are particularly prominent. This technique utilizes existing
information to reconstruct damaged images through deep learning models, especially Convolutional Neural
Networks (CNNs), which not only improves the accuracy of restoration, but also speeds up the processing
speed, making it an important tool for processing image data in distributed computing environments.

Deep learning-based methods for image inpainting have demonstrated substantial advancements in
practical applications, largely due to their strengths in automatic learning, contextual modeling, advanced
feature representation, and improved inpainting results. In our study, we focus on three key categories of
deep learning techniques employed for image inpainting.
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The first category encompasses CNN-based approaches, which have laid the groundwork for image
inpainting with their ability to capture local patterns and features effectively. Notable examples of CNN-
based methods include LeNet [1] and the Neocognitron [2], both of which have contributed significantly to
the evolution of image processing techniques. The second category includes generative adversarial network
(GAN)-based methods. GANSs, further refined by Miyato et al., are designed to generate realistic image
content through the interaction between the generator and the discriminator. This adversarial process
enhances the quality and realism of the inpainted images. The third category features the Transformer model,
originally proposed by Vaswani et al., which has been adapted for image inpainting tasks to leverage its
strength in handling complex contextual information. By examining these three categories, our study aims
to provide an in-depth analysis of advanced techniques in deep learning for image inpainting, highlighting
their specific contributions and advancements in enhancing image inpainting quality.

CNN is suitable for image inpainting tasks. By utilizing shared weights and local connections, CNN
reduces the model parameters and computational complexity, leading to significant achievements in various
domains [3]. However, CNN has a relatively weak grasp of global information, which may result in a lack of
contextual consistency in the inpainting results under certain circumstances.

Generative Adversarial Networks (GANs) are adept at producing high-quality restored images by
leveraging adversarial training to improve the realism of inpainting results. Despite their advantages, GANs
face challenges during training, including instability and the need for careful balance between the generator
and discriminator. Issues such as non-convergence, mode collapse [4], and potential artifacts or blurriness
in the generated images can also arise, affecting the final output quality.

The Transformer model demonstrated excellent performance in image inpainting. It possesses a self-
attention mechanism that models the global correlations in images. Furthermore, the interpretability of
Transformers provides valuable information for model optimization, allowing us to understand the attention

levels of the model at each position towards other positions [5]. However, its computational complexity
increases quadratically.

Overall, traditional CNNs effectively capture local features but struggle with large missing regions,
often causing structural and semantic inconsistencies. In contrast, Transformers model global dependencies
well but lack fine-grained detail, leading to blurred textures. Most existing methods combine the two
superficially, making it difficult to achieve a balanced synergy between local feature extraction and global
semantic reasoning.

To address this, we propose the Parallel Dual-Branch Learnable Transformer Network (PDT-Net),
which features a dual-encoder architecture combining CNNs and transformers for joint local-global feature
extraction. A dual-branch decoder and feature fusion strategy further preserve fine textures and spatial
coherence. Skip connections enhance low-level detail propagation throughout the network. PDT-Net rep-
resents a significant advancement in image inpainting technology, incorporating both convolutional and
transformer-based techniques. We conducted a comprehensive series of experiments using three distinct
datasets (Paris Street View, CelebaA, and Places2) to thoroughly assess the network’s performance [6-8].
These datasets provide a broad evaluation of the network’s capabilities across various types of image data.
The results of these experiments, which highlight the network’s impressive performance and advantages, are
visually represented in Fig. 1.
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Figure 1: Figure showcasing the inpainting results of PDT-Net model

Our contributions include the following:

« An innovative image inpainting model that combines CNN and Transformer is proposed: parallel
adoption of CNN blocks and Transformer blocks for feature extraction via downsampling.

o A dual-branch fusion module is proposed to integrate the globally and locally extracted features, thereby
improving the quality of image inpainting.

o Through extensive validation on three datasets, the proposed model outperformed existing image
inpainting methods across the board.

2 Related Work
2.1 Deep Learning Image Inpainting

Deep learning-based image inpainting methods offer notable advantages due to their sophisticated
automatic learning and contextual modeling capabilities. Unlike traditional techniques that depend on
predefined rules and basic algorithms, deep learning models use advanced neural networks to automatically
learn complex patterns, textures, and features from extensive datasets. This capability allows the models to
capture extensive visual information without manual intervention. Moreover, these models are proficient in
contextual modeling, taking into account not just the nearby area but the entire image context. This com-
prehensive approach results in inpainting that integrates seamlessly with the surrounding content, ensuring
high visual coherence. Consequently, deep learning methods achieve more accurate and realistic inpainting
results for damaged images, even in cases of irregular damage and varied textures. Their enhanced ability to
deliver visually satisfying results marks a significant improvement over traditional inpainting techniques.

Initially, Pathak et al. [9] attempted to use CNN for image inpainting. Subsequently, in order to propel
the progress of deep learning-based image inpainting, researchers have introduced a range of cutting-edge
and inventive methodologies. For instance, Liu et al. [10] proposed a probabilistic diversity Generative
Adversarial Network called PD-GAN, which introduces random noise and probabilistic sampling to generate
high-quality and diverse image inpainting results. Although the introduction of noise can increase diversity,
it may sometimes result in inpainting outputs with noise or blurriness, which can impact the quality and
authenticity of the inpainting results.

Furthermore, certain approaches integrate attention mechanisms and context modeling into image
inpainting networks, elevating their ability to restore crucial regions and intricate details within the image.
In conclusion, deep learning-based image inpainting techniques offer an efficient and precise approach to
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image restoration tasks through the utilization of automatic learning and contextual modeling features of
neural networks, along with their ability to manage multi-scale image structures [11].

2.2 Transformer

The Transformer was first introduced by Vaswani et al. [12] in 2017 to address natural language process-
ing (NLP) tasks. Building on the Transformer, Dosovitskiy et al. [13] introduced the Vision Transformer (ViT)
in 2020, successfully applying it to computer vision tasks. ViT segments images into a series of patches, treats
each patch as an input sequence, and uses the Transformer model for feature extraction and classification.

With the successful application of Transformer, researchers have made further improvements and
extensions to it. For example, Liu et al. [14] have opened up new research directions and expanded the
application scope of visual Transformer mechanisms by addressing the challenges of processing large-scale
images and providing efficient computational methods. Yuan et al. [15] have improved the performance of
Transformer networks by adopting more efficient training strategies that leverage the structural information
reconstruction of images.

These advancements have resulted in considerable advancements in applying the Transformer mecha-
nism to a broader spectrum of visual tasks. These studies have also demonstrated the powerful potential of the
Transformer mechanism in addressing image-related problems. However, despite the Transformer’s advan-
tage in capturing long-range dependencies and generating diverse structures. Nevertheless, the Transformer
significantly increases computational complexity, making it challenging to handle high-resolution images.

2.3 Model Combining CNN and Transformer

Recent studies have shown significant performance improvement in computer vision tasks by com-
bining Convolutional Neural Networks (CNNs) and Transformers. CNNs excel at image feature extraction,
while Transformers have advantages in handling long-range dependencies and capturing global relation-
ships. CNNGs excel at image feature extraction, while Transformers have advantages in handling long-range
dependencies and capturing global relationships. Due to the expertise of Transformers in sequence modeling
and CNNs in local feature extraction, the dual-branch encoder-decoder applies to various tasks.

For example, recent studies [16-20] have also explored methods for image inpainting, where Transform-
ers are employed to reconstruct complex coherent structures and rough textures, while CNNs enhance local
texture details guided by the rough restored images. The effective fusion of global contextual information
and local features during the inpainting stage has greatly enhanced the overall results. Such a combination
of CNNs and Transformers has achieved significant progress in image inpainting tasks.

Models that combine Convolutional Neural Networks (CNNs) and Transformers showcase exceptional
abilities in both feature extraction and sequence modeling. CNNs are effective at capturing intricate spatial
details and patterns in image. In contrast, Transformers are adept at modeling sequences and understanding
long-range dependencies, which is essential for applications like natural language processing and time-series
analysis. By integrating CNNs with Transformers, these hybrid models benefit from the strengths of both
approaches: CNNs for detailed spatial feature extraction and Transformers for handling sequential data
efficiently. This combination enhances versatility, allowing these models to excel in various deep learning
tasks, including the mechanism has superior capabilities to capture the local and nonlocal dependencies on
face image in the face reconstruction [21]. Consequently, the fusion of CNN and Transformer architectures
is becoming increasingly prevalent and valuable in advancing deep learning technologies.
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3 Our Approach
3.1 Network Architecture

The parallel dual-branch learnable Transformer network (PDT-Net) proposed by us for image inpaint-
ing tasks is illustrated in Fig. 2. In our network, the generator adopts an encoder-decoder architecture,
comprising two concurrent encoders. Each encoder utilizes different feature extraction methods and model
architectures. The objective of this architecture is to maximize the benefits of distinct encoders, enhancing
both the expressive capability and performance of the model.

CNN-Branch
, 3 . F) Dual-Branch Fusion
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(@ Full-scale Skip
= Connections
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1
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Figure 2: Inpainting results of the proposed PDT-Net model
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The features extracted by the dual-branch encoders are denoted as Cl, e R>G-D 7300~

T}Sn € RNL-UXNL-UXZ(H) C’, where i represents the number of encoding layers, and i =1, ---,5. The out-
puts of these two encoders are fused through the dual-branch fusion module to integrate the feature
representations from both branches, resulting in the fused feature of the encoding layers, denoted as
feature information with global and local feature interactions, represented as the decoding layer feature map

and

. Then, by utilizing full-scale skip connections, we obtain rich fusion multi-scale

. Finally, the image details and textures are restored through the decoder.

3.1.1 CNN-Transformer Encoder

The dual-branch encoder architecture integrates two distinct branches to capture both local and
global dependencies in data. The first branch utilizes Convolutional Neural Networks (CNNs) for encoding
spatial or local features through convolutional operations. This approach excels in identifying patterns and
structures within specific areas of the input data. Meanwhile, the second branch uses Transformer models
to model extended dependencies and sequential relationships through self-attention mechanisms. Together,
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these two branches complement each other, allowing the model to effectively process and integrate both fine-
grained local details and broader, global contexts. This dual-branch setup enhances the overall capability of
the encoder to handle diverse types of information.

The CNN branch encoder extracts local features and texture information from the input data. The
convolutional layers capture local features at different positions. This feature extraction approach enables the
CNN branch encoder to effectively capture spatial locality in images and exhibit certain robustness to image
translation and scale variations.

The main feature of the Transformer encoder is its ability to capture relationships between different
positions in a sequence. We introduce a learnable Transformer module to further enhance the feature repre-
sentation and context modeling capabilities during the inpainting process. In the self-attention mechanism,
linear transformations are used to compute attention weights and context representations, replacing the
traditional dot product operation with matrix multiplication [12]. The introduction of more parameters
and non-linear transformations can enhance the expressive power of the model [22]. Fig. 3 illustrates the
execution process of a Transformer module.
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Figure 3: Linear transformer module

3.1.2 Dual-Branch Fusion Module

The detailed structure of the dual-branch fusion module is illustrated in Fig. 4. This module plays a
crucial role in combining the outputs from the CNN branch encoder and the Transformer branch encoder.
By merging their extracted features into a unified set of fusion features with consistent dimensions, the
dual-branch fusion module facilitates effective interaction between the two branches during the inpainting
process. The ability of the module to harmonize these different types of information contributes to improved
image fidelity and overall quality in the inpainting process.
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Figure 4: Dual-branch fusion module
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Specifically, we obtain the fused feature Fy,, of the encoding layers through the following operations, as
shown in Egs. (1) and (2).

f]én = [(Tflfn o ClEn) ’SA(TIIEn) ’CA(CIEH)] (1)
Fy, = GA(Res(ff,)) (2)

Among them, f} represents the intermediate feature obtained by simple channel concatenation.
SA (-) represents spatial attention, CA (-) represents channel attention, [-] represents channel concatenation,
Res (-) represents residual block, and GA (+) represents gate mechanism.

3.1.3 Full Scale Skip Connection

Fig. 5 shows the detailed structure diagram of the full-scale skip connection. We incorporate a gated
attention mechanism at the end of the traditional full-scale skip connection. The full-scale skip connection
with a gated attention mechanism achieves feature transmission and fusion across different levels. It
selectively combines the source features and target features through weighted fusion, transferring low-level
detail information to higher levels while preserving high-level semantic information.

Transformer-Branch CNN-Branch Upsampling Decoder

Figure 5: Full-scale skip connection

In the formula, the calculation of the feature map stack for the decoding layers represented by C},, is as
follows, as shown in Eqs. (3)-(6):

a = Att (Conv (Down (Fén));:l) (3)

¢, = Att (Conv (Ff,)) (4)

o :Att(Conv(Up (F,’f,e))f:m) (5)
- Fg,,i=N

FDe_{ Conv (Concat (¢1,¢3,¢3)),i=1,---N -1 ©

Among them, the parameters C;, C,, and C; represent the larger size, same size and smaller size of
the feature compared to the current size after simple processing for fusing full-scale features, respectively.
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The function Conv (-) represents the operation of convolution. Att () represents the feature fusion mech-
anism achieved through operations like spatial and channel attention and convolution. Furthermore,
Down (-) and Up (+) represent the operations of upsampling and downsampling, respectively.

3.2 Loss Function

We optimize our PDT-Net using a joint loss function L, which includes multiple components: the
reconstruction loss /., the adversarial loss /.4y [23], the perceptual loss £, [24], and the style loss /5 [25].
These loss functions are commonly employed in various image inpainting methods [18] and are defined as
shown in Eqs. (7)-(11):

lre = | Tout = It )
Cagy = E1,, [logD (Ig)] + Er,,,log [1- D (Iout)] (8)
b =[5 191 (o) - (1) ®
0= B [0 CLou) s (Toue) = 6:(Tee) "1 (1) (10)
L=Aelre + Aagylaay + Aply + Al (11)

where D represents the PatchGAN discriminator [26] with spectral normalization. ¢; refers to the i-th layer
activation function of the VGGI9 [27] network pre-trained on the ImageNet [28] dataset. N; represents the
number of elements in ¢;. A, A44,, Ay, and A, are the weight ratios of the corresponding loss functions. We
set Adre =1, Agq, = 0.1, 1, = 1, and A, = 250.

4 Experiments
4.1 Datasets

As shown in Table 1, the original image dataset consists of three public datasets. Our experiments fully
utilized the training and testing sets of the Paris street view dataset, which is composed of a large number of
images collected from the streets, for evaluation purposes and strictly followed its original split configuration.
For the CelebA and Places2 datasets, we divided the training, validation, and testing sets with a ratio of
8:1:1 for our experiments. The CelebA dataset primarily focuses on human faces and consists of 202,599 face
images. We selected 50,000 images from the CelebA dataset for training and 6250 images from the testing
set for evaluation, images were selected sequentially from the beginning of the dataset. The Places2 dataset
covers various scenes and environments, containing millions of images. We selected twenty scene categories
from the Places2 dataset, including attics, airports, arches, campuses, and more. Each category has 5000
training images, making a total of 100,000 training images. We selected 12,500 images from the testing set
for evaluation, 5000 images were selected from each relevant subset.
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Table 1: Dataset details for image analysis experiments

Dataset name Paris street view CelebA Places2

Main content A vast collection of Primarily focuses on Encompasses various

images gathered from the  human faces, 202,599 in  scenes and environments
streets total

Training set size 14,900 50,000 (Randomly 100,000 (Randomly

Selected) Selected)
Test set size 100 6250 (Randomly 12,500 (Randomly

Selected) Selected)

4.2 Implementation Details

The experiments were conducted on a system running Ubuntu 18.04, equipped with a single NVIDIA
A30 Tensor Core GPU that has a memory capacity of 24 GB. For implementing the experiments, we used
the PyTorch framework, which is well-suited for deep learning tasks due to its flexibility and efficiency.
To optimize the model parameters, we employed the Adam optimizer [29], known for its effectiveness in
handling large datasets and complex neural network structures. The Adam optimizer with 3, = 0.5, ;, = 0.9
was used to train the model, the learning rate was set to 1074, and later it was adjusted to 107> to fine-
tune the model. The choice of hardware and software tools was aimed at ensuring robust performance and
accurate results, with the NVIDIA A30 GPU providing the necessary computational power and the PyTorch
framework facilitating smooth implementation and experimentation.

4.3 Comparative Experiment

To offer a clearer evaluation of our model’s performance in image inpainting, we compared it against five
leading image inpainting models across three different datasets. We utilized three well-established metrics:
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM) [30], and the ¢, loss function. Higher
PSNR and SSIM values indicate better reconstruction quality and visual similarity, while lower ¢; loss
values suggest better pixel-level accuracy. We ensured consistency in our experimental setup by using the
same hardware and software environment for all models, and we maintained a uniform mask coverage rate
throughout the experiments. This approach allowed for a fair and comprehensive assessment of our model’s
performance relative to its peers.

o PC [31]: Introduces a method for repairing irregular holes in images using partial convolution tech-
niques.

« RFR [32]: Introduces a progressive image inpainting network based on recurrent feature reasoning.

« AOT [33]: Enables context reasoning by capturing information-rich remote contexts and diverse patterns
of interest.

« CTSDG [34]: A new dual-branch network for image inpainting that seamlessly combines structurally
constrained texture synthesis with texture-guided structural reconstruction.

o T-former [22]: A Transformer network for image inpainting is proposed, incorporating an attention
mechanism linearly correlated with the resolution.

The comparative experimental results presented in Table 2 clearly indicate that our model surpasses all
baseline models across the three evaluation metrics. This performance improvement is further reflected in
the enhanced visual coherence of the inpainted images, as shown in Fig. 6. Additionally, Fig. 6 provides a
detailed visual comparison: it features the original corrupted image, the results from PC, RFR, AOT, CTSDG,
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T-former, our PDT-Net, and the ground truth image. This sequence of images highlights the improved fidelity
and visual quality achieved by PDT-Net compared to the other methods.

Table 2: We present the quantitative comparison results obtained from conducting experiments on three publicly
available datasets using our PDT-Net model

Datasets Paris street view CelebA Places2
Mask ratio 0%-20%  20%-40% 40%-60% 0%-20% 20%-40% 40%-60% 0%-20% 20%-40% 40%-60%

PSNR?t PC 32.12 25.56 21.26 31.85 26.55 21.34 29.39 24.26 21.88
RFR 32.67 26.31 22.41 33.33 27.62 22.63 29.90 24.96 22.14

AOT 32.80 26.36 22.66 33.58 27.73 22.80 29.96 25.05 22.29

CTSDG 32.95 27.51 22.89 33.97 27.81 22.94 30.18 25.52 22.58

T-former 33.12 27.83 22.97 34.10 27.94 23.08 30.36 25.74 22.87

Ours 33.35 27.95 23.16 34.27 28.06 23.22 30.45 25.99 23.11

SSIM? PC 0.897 0.690 0.500 0.897 0.749 0.557 0.887 0.731 0.527
RFR 0.920 0.773 0.569 0.917 0.781 0.602 0.899 0.751 0.554

AOT 0.923 0.776 0.572 0.919 0.783 0.603 0.901 0.757 0.559

CTSDG 0.924 0.777 0.574 0.921 0.787 0.610 0.905 0.760 0.566

T-former 0.926 0.779 0.578 0.923 0.788 0.614 0.907 0.769 0.569

Ours 0.927 0.781 0.579 0.926 0.792 0.616 0.911 0.774 0.570

1(%)| PC 0.057 0.133 0.272 0.044 0.120 0.220 0.064 0.132 0.281
RFR 0.041 0.113 0.233 0.031 0.090 0.185 0.049 0.100 0.238

AOT 0.041 0.112 0.231 0.030 0.089 0.183 0.047 0.098 0.237

CTSDG 0.038 0.105 0.228 0.028 0.080 0.178 0.041 0.094 0.226

T-former 0.035 0.103 0.224 0.025 0.079 0.175 0.038 0.091 0.223

Ours 0.034 0.103 0.223 0.025 0.078 0.173 0.037 0.090 0.223

Figure 6: Inpainting results of the proposed PDT-Net model



Comput Mater Contin. 2025;85(1) 1231

4.4 Ablation Study

We performed a series of ablation experiments on the dataset of Paris street view. By individually
eliminating the crucial components of our proposed method, we reevaluated the results of inpainting.
Net, represents the removal of the linear attention module in the Transformer encoder, Net, represents
the replacement of the dual-branch fusion module with regular convolutions, and Net; represents the
replacement of the full-scale skip connections with regular skip connections. The experimental outcomes
showcased in Table 3 substantiate the vital role and efficacy of the incorporated components within the
method. Removing these key components noticeably deteriorated the quality of the inpainting results,
further affirming their significance. The comprehensive network model, as depicted in Fig. 7, excels in
reinstating intricate texture details and enhancing the coherency of the reconstructed structures.

Table 3: Quantitative ablation study of our PDT-Net model on the paris street view dataset

Models  Full-scale skip Dual-branch Linear PSNR? SSIM?  /41(%)!
connections fusion module Transformer
Net; 0 O 28.73 0.878 0.162
Net, O O 29.54 0.879 0.162
Net; O O 29.58 0.881 0.158
Ours O O O 29.60 0.882 0.156

Input Net1 ) Net2 ~ Nets ] Ours ~ Truth

Figure 7: Ablation experiment results of our proposed PDT-Net model on the Paris street view dataset

Through extensive comparative and ablation studies, we have rigorously confirmed the advantages and
effectiveness of our proposed approach for image inpainting tasks. Our rigorous analysis of the experimental
data reveals that our approach consistently delivers higher quality results and enhanced performance
compared to existing methods. Additionally, our method outperforms variants of other approaches where
key components have been removed. The proposed PDT-Net has approximately 52.1 million parameters and
requires 172.1 GFLOPs, reflecting a reasonable computational cost given its dual-branch architecture.
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5 Conclusion

In the field of image inpainting, we present an innovative parallel dual-branch learnable Transformer
network. This advanced network architecture incorporates a CNN-Transformer dual encoder, which excels
at extracting features from both local and global perspectives. By integrating these two types of encoders,
our approach significantly enhances the effectiveness and precision of the inpainting process.

Furthermore, we introduce a sophisticated dual-branch fusion module along with a comprehensive skip
connection mechanism. These components work together to propagate more detailed information through-
out the network while preserving the structural integrity of the image. As a result, our method produces
inpainting outcomes that are both more natural and realistic, demonstrating improved performance and
visual coherence compared to existing approaches.

Our empirical analysis confirms that this method not only advances image inpainting capabilities but
also effectively upholds the visual consistency of the inpainted images. The superior quality of the inpainting
outcomes highlights a greater sense of naturalness and realism, offering valuable insights for ongoing research
and development in image inpainting and related domains. This framework also shows potential for practical
applications such as photo restoration and object removal.

In future work, we plan to explore real-time performance, extend the method to high-resolution
scenarios, and investigate how to improve the anti-forensic robustness of inpainted images to prevent
easy detection.
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