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Abstract: Image restoration technology is a crucial field in image processing and is extensively
utilized across various domains. Recently, with advancements in graph convolutional network
(GCN) technology, methods based on GCNs have increasingly been applied to image restoration,
yielding impressive results. Despite these advancements, there is a gap in comprehensive research
that consolidates various image denoising techniques. In this paper, we conduct a comparative
study of image restoration techniques using GCNs. We begin by categorizing GCN methods into
three primary application areas: image denoising, image super-resolution, and image deblurring.
We then delve into the motivations and principles underlying various deep learning approaches.
Subsequently, we provide both quantitative and qualitative comparisons of state-of-the-art methods
using public denoising datasets. Finally, we discuss potential challenges and future directions,
aiming to pave the way for further advancements in this domain. Our key findings include the
identification of superior performance of GCN-based methods in capturing long-range dependencies
and improving image quality across different restoration tasks, highlighting their potential for future
research and applications.

Keywords: deep learning; image restoration; GCNs; review

MSC: 65D19

1. Introduction

Image restoration techniques have gained wide application across various fields,
including computer science, medical fields [1,2], remote sensing [3,4], and security mon-
itoring [5]. Image restoration is employed to address two primary types of degradation:
(1) system-related degradations such as system aberrations leading to blur [6], atmospheric
turbulence [7], motion artifacts [8], and diffraction effects [9]; (2) statistical degradations
resulting from noise [10]. Several typical degraded images are shown in Figures 1 and 2.
Moreover, apart from images generated through advanced technologies, there is a growing
need to digitize old images, particularly for cultural relic preservation. During the process
of digitizing old images, there may be inherent degradation in the image itself or degrada-
tion caused by noise captured in the environment [11]. Image restoration aims to identify
the underlying causes of image quality degradation and applies targeted restoration pro-
cesses. Traditional image restoration methods primarily rely on probabilistic models and
the acquisition of prior knowledge concerning image degradation. Establishing degrada-
tion models based on such prior knowledge serves as a prerequisite for these methods.
With the increasing attention given to image restoration techniques, a plethora of image
processing techniques have been proposed [12].
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Figure 1. Two common types of system-related degradations. The first row shows turbulence
degraded images under two different turbulence degrees (k), and the second row shows motion-
blurred degraded images under different motion degrees.
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Figure 2. Two common types of statistical degradations resulting from noise. The first row shows the
images after Gaussian blur and the second row shows the images after Rayleigh blur.

Currently, image restoration techniques can be categorized into three main categories:
Filtering-Based Methods, Model-Based Methods, and Learning-Based Methods. Classical
Filtering-Based Methods such as median filtering [13], Wiener filtering [14], Inverse filter-
ing [15], Kalman filtering [16], and SVD pseudoinverse [17] employ artificially designed
low-pass filters to eliminate image noise. Median filtering is effective for impulse noise,
and it is simple to calculate but easy to cause blur. Wiener filtering can remove Gaussian
noise and preserve details but depends on the statistical characteristics of noise. Inverse
filtering can recover the image completely in theory, but it is sensitive to noise. Kalman
filtering is suitable for dynamic image sequences to deal with time-dependent noise, but
the calculation is complex. SVD pseudoinverse can deal with degraded images, but it
is not robust to noise and easily amplifies noise. For images with similar blocks, noise
removal can be achieved through non-local similar block stacking approaches, such as
the classical non-local means (NLM) algorithm [18] and the block matching based 3D
filtering (BM3D) algorithm [19]. Model-Based Methods for image restoration encompass
nonlocal self-similarity (NSS) models [20], sparse models [21], gradient models [22], and



Mathematics 2024, 12, 2020 3 of 38

Markov random field (MRF) models [23]. The NLM algorithm uses image self-similarity
to effectively denoise but has high computational complexity. BM3D has a good effect by
combining block matching and 3D transformation, but its hardware requirements are high.
The NSS model uses non-local similarity to recover details but relies on prior knowledge.
The sparse model needs to design a dictionary for denoising through sparse representation.
The gradient model emphasizes that the gradient information preserves details but has
high noise requirements. MRF models recover images based on statistical characteristics,
but the optimization process is complex. While these Model-Based Methods boast strong
mathematical foundations, they tend to exhibit degraded performance in recovering texture
structures when confronted with heavy noise. Additionally, those methods often entail
substantial time consumption due to the high complexity of iterative optimization. The
advent of machine learning has brought about significant advancements in the field of
image denoising [24]. Deep learning technology, in particular, has found widespread
application in this domain.

Learning-Based Methods focus on learning potential mappings from noisy images
to clean images and can be categorized into traditional learning-based methods and deep
network-based learning methods [11]. In recent years, deep network-based methods have
become mainstream methods due to their more promising denoising results than filter-
based, model-based, and traditional learning-based methods. Zhang et al. [25] proposed
a simple but effective denoising convolutional neural network (CNN) by superimposing
convolutional, batch normalization, and corrected linear unit (ReLU) layers. Liu et al. [26]
were inspired by the nonlocal similarity of images to propose a nonlocal recurrent network
(NLRN), which is the first attempt to incorporate nonlocal operations into a recurrent
neural network (RNN) for image recovery. DnCNN [27], FFDnet [28], and CBDnet [29] are
proposed as a process of gradual generalization and gradual consideration of increasing the
complexity of the noise. DnCNN mainly targets Gaussian noise for denoising, emphasizing
the roles of residual learning and BN; FFDnet considers the generalization of the Gaussian
noise into a more complex and real noise, and takes the noise level map as a part of the
input to the network; CBDnet is mainly for the FFDnet, and starts with the noise level
map part of the network, which is self-adaptively obtained by five-layer FCN to achieve a
certain degree of blind denoising. DnCNN uses batch normalization and residual learning
to accelerate the training process and improve the denoising performance, but FFDNet
focuses on removing the more complex Gaussian noise with mainly different noise levels.
Most of the denoising algorithms based on convolutional neural networks before FFDNet
was proposed were specific to a particular kind of noise. In order to solve the problem of
different noise levels, the authors of FFDNet utilized the noise level map as an input, which
makes the network applicable to pictures with different noise levels. CBDNet consists of a
noise estimation sub-network and a denoising sub-network [29], which are both composed
of two parts, end to end training at the same time, and using signal independent noise based
on the noise as well as the noise synthesized by the internal processing of the camera and
the real noise picture joint training, to improve the generalization ability of the denoising
network, but also to enhance the effect of the denoising. SRMD [30] is different from the
previous three networks, mainly starting from the bicubic, taking into account the influence
of the fuzzy kernel and the noise level, and combining LR, fuzzy kernel, and noise level
uniformly in the input network to realize the recovery of different degradation models.
SRMD can combine the degradation map and LR image together as the input of CNNs.

CNNs excel at extracting spatial features by utilizing weighted sums of center and
neighboring pixels to generate feature maps. They are particularly effective at extracting
spatial features from image or video data, where the pixels are organized in a structured
matrix [31]. However, it is important to note that CNNs are well-suited for processing
Euclidean data with regular grid structures and fixed positional relationships. Conversely,
they exhibit poor performance when dealing with non-Euclidean data due to constraints
related to their grid-like inputs, limitations of convolution operations, issues with data
permutation and ordering, lack of translation invariance, and inability to handle complex



Mathematics 2024, 12, 2020 4 of 38

topologies [32]. This limitation has led to the rise of GCNs [33] as a research focus. From
a broader perspective, both GCNs and CNNs are methods of aggregating neighborhood
information, but they operate on different types of data objects. The convolutional com-
putations in CNNs are tailored towards fixed 2D raster structures found in graph data,
while GCNs employ convolution to handle more general unstructured graph data. Addi-
tionally, both models exhibit local connectivity, which significantly reduces computational
complexity compared to fully connected structures [34]. In terms of weight design, CNNs
employ separate sets of weight parameters in their convolutional kernels to account for
the fixed raster structure in image data. On the other hand, GCNs utilize a single set of
weight parameters, allowing them to accommodate diverse graph data structures. Similar
to CNNs, the convolutional kernel in GCNs operates on all points in the entire graph, and
the weight parameters are shared across computations at each node. This parsimonious
design reduces the number of parameters in the single-layer network and mitigates the risk
of overfitting. As the number of convolutional layers increases, the receptive field of the
model expands, encompassing larger perceptual domains.

Overall, while CNNs have demonstrated strong performance in processing image
and video data, GCNs have revolutionized machine learning by extending convolutional
operations to complex non-Euclidean data structures. The advantages of GCNs in handling
graph data have opened up new avenues for research and applications, including social
network analysis and drug discovery. As technology advances, hybrid models integrating
CNNs and GCNs may emerge as a crucial direction for future research to fully harness the
strengths of both approaches. While GCNs have proven highly effective in handling non-
Euclidean data structures, their exploration in image processing remains largely untapped.
Currently, there is a paucity of reviews on GCNs for image restoration. To address this gap,
our aim is to provide an overview of the application of GCNs in image restoration, covering
both practical applications and analytical insights. Additionally, we discuss state-of-the-
art GCN methods for image restoration, explore avenues for further extension, highlight
challenges for the future, and propose potential research directions. An overview of the
survey is depicted in Figure 3.

The main contributions in this paper can be summarized as follows.

• This overview provides an overview of several common methods of GCNs for image
restoration.

• This overview summarizes the solutions of GCNs in the field of image restoration
(including image denoising, image super-resolution, image deblurring, LLMs, and
GCNs for image restoration), and analyzes the motivation and principles of these
methods in image restoration. Finally, we evaluate the graph restoration performance
of these methods using both quantitative and qualitative analysis.

• This overview points out some potential applications and challenges of GCNs in the
field of image restoration.

Section 2 describes the development of GCNs and the current common GCN method
introduction. Section 3 summarizes the methods of image restoration using GCNs from four
aspects: image denoising, image super-resolution, image deblurring, and LLMs and GCNs
for image restoration, as well as the analysis and comparison of these methods. Section 4
provides a performance comparison of these methods. Section 5 discusses potential research
directions and challenges. Section 6 provides the conclusions.
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GCNs for image restoration.

2. Development of GCNs

Since CNNs, deep learning algorithms have achieved high performance in various
tensor processing tasks in Euclidean space. For instance, face recognition algorithms [35]
have reached an accuracy close to 100%, with more than 99% accuracy. However, in
addition to the regular data in Euclidean space, there are a significant number of data
in non-Euclidean space that possess a topological map structure, such as social network
data and chemical structure data. These types of data cannot be effectively handled by
traditional convolutional networks. To address the need for processing such topological
structures, a novel algorithm called Graph Convolutional Neural Networks (GCNs) has
been developed.

2.1. The Evolution of GCNs

Currently, the implementation of graph convolution can be categorized into two types:

1. Spectral domain graph convolution: This approach follows graph theory and the
convolution theorem, transforming data to the spectral domain for processing and
then back to the original domain. Working in the spectral domain is important
because it leverages a robust mathematical framework based on the graph Laplacian
and Fourier transform, which facilitates more precise and theoretically grounded
operations [36]. Additionally, spectral methods capture global graph structure through
eigenvalues and eigenvectors, enabling effective aggregation of information from
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distant nodes. This method is computationally efficient, as it involves element-wise
products of Fourier transforms, reducing the number of parameters by defining filters
in terms of eigenvalues. Spectral domain graph convolution is also adaptable to
diverse graph topologies and scales, making it particularly useful for complex or
dynamic graph structures.

2. Spatial domain graph convolution: This method defines the convolution operation
directly in spatial space without relying on graph theory or the convolution theo-
rem, offering greater flexibility. Spatial methods provide intuitive definitions and
can be easily applied to a variety of graph structures without the need for spectral
transformations.

The main models for spectral domain graph convolution are SCNN [33], ChebNet [37],
and GCNs [38]. SCNN, proposed by Bruna et al. in 2014, generalizes CNNs to signals
over general domains without translation group action but has drawbacks such as high
computational cost, large parametric complexity, and inability to guarantee local links.
To address these issues, Defferrard et al. proposed ChebNet in 2016, using Chebyshev
polynomials for polynomial interpolation, significantly reducing time complexity. Kipf
et al. [38] proposed the GCN model in 2016, simplifying ChebNet by only considering
the first-order Chebyshev inequality, further reducing computational complexity. These
advancements reflect ongoing efforts to optimize CNN principles for graph-structured data,
balancing computational efficiency and the ability to capture intricate graph properties, thus
expanding the applications and development of graph-based machine learning techniques.

2.2. The Fundamentals of GCNs
2.2.1. Graph Data

Graph data have become increasingly important in the development of machine
learning and deep learning. While significant breakthroughs have been made in areas
such as speech, image, and natural language processing, these data types are typically
simple sequences or grid data [39], which are highly structured. Deep learning excels in
processing this type of data. However, many real-world phenomena cannot be represented
as sequences or grids, such as social networks, knowledge graphs, and complex file systems.
These more complex structures need to be represented using graph data.

Consider a social network where each node represents a person, and each edge
represents a friendship between two people. This network can be represented as Figure 4.
Here, each person is a node, and the lines connecting them represent their friendships.
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Figure 4. Social network relationship diagram. P1–4 represents different characters, and ω1–4
represents the weight of the relationship between different characters.

The simplest way to represent a graph structure is to use an adjacency matrix to
capture the relationships between nodes and edges. For the above example, the adjacency
matrix would look like Table 1.
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Table 1. Node Relationship Matrix.

P1 P2 P3 P4

P1 0 1 1 0

P2 1 0 0 1

P3 1 0 0 0

P4 0 1 0 0

In this matrix, a ‘1’ indicates a connection (friendship) between the nodes, and a ‘0’
indicates no connection.

Information in graph data is usually categorized into three levels:
Node information (V): Data about the nodes themselves (e.g., attributes of a person in

a social network).
Edge information (E): Data about the connections between nodes (e.g., type or strength

of friendship).
Overall graph information (U): Data about the graph as a whole (e.g., the average

degree of nodes).
In this way, graph data effectively represent and process complex and unstructured

data structures, expanding the application scope and capabilities of deep learning.

2.2.2. Principle of GCNs

The principle of GCNs revolves around extending traditional convolution operations
to non-Euclidean data structures, specifically graphs. The primary goal of GCNs is to learn
and leverage node features and topological structure in graph data for tasks such as node
classification, link prediction, and graph classification [38].

In conventional Convolutional Neural Networks (CNNs), convolutions rely on the
fixed grid structure of data (e.g., pixels in an image). However, in graph-structured data,
connections between nodes are irregular and dynamically changing, lacking a fixed local
neighborhood. Therefore, the key challenge for GCNs lies in designing a method that can
perform feature propagation and aggregation across arbitrary graph structures.

The core aspects of GCNs’ principles include:

1. Laplacian Operator in Graphs:

Within the spectral graph convolution theory framework, GCNs can utilize the graph
Laplacian matrix (often normalized) to capture topological relationships among nodes.
The Laplacian matrix reflects the strength of connection between a node and its neighbors,
and by performing eigen-decomposition on it, convolutions can be defined in the spectral
domain of the graph.

2. Message Passing Mechanism:

In practical GCN implementations, Kipf and Welling proposed a simplified approxima-
tion of spectral convolutions that employs a first-order neighborhood averaging approach for
feature propagation. Each layer of the GCN aggregates neighboring node features through a
transformed adjacency matrix and then applies a weight matrix for transformation.

This can be mathematically represented as:

H(l+1) = σ

(
∼
D

− 1
2 ∼

A
∼
D

− 1
2

H(L) W(l)

)
(1)

H(L) represents the node feature matrix at layer l,
W(l) is the corresponding weight matrix,
∼
A = A + IN is the adjacency matrix A with added self-loops,
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∼
D is the degree matrix of

∼
A (diagonal elements equal to the sum of row or column

entries plus one),
σ is an activation function like ReLU, which introduces non-linearity.

3. Multilayer Perceptron (MLP)-like Architecture:

GCNs typically consist of multiple layers, each applying the message passing and
feature transformation process. By stacking these layers, GCNs can learn increasingly
abstract and higher-level node representations.

4. Output Layers Tailored for Various Tasks:

For different tasks, the last layer of a GCN is designed accordingly. For instance, in
node classification tasks, the output dimension of the last layer corresponds to the number
of classes, and a softmax function provides the probability distribution over node classes;
whereas, in graph-level classification, embeddings from all nodes might be pooled into
a single vector, followed by fully connected layers and a softmax function to predict the
graph’s class.

In summary, the principle of GCNs is to ingeniously adapt convolutional operations
to graph-structured data, enabling the network to efficiently integrate both node attributes
and their relative positions within the network, thus facilitating effective learning and
representation of graph data. Its basic network framework is shown in Figure 5.
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2.3. Common Models

Here are other basic graph neural network models.

2.3.1. Graph Sample and Aggregate (GraphSAGE)

GraphSAGE is a graph neural network model proposed by William L. Hamilton
et al. [40] in 2017, specifically for node representation learning in large-scale graph datasets.
Unlike earlier approaches like GCNs that rely on the entire graph structure for training,
GraphSAGE allows for learning node embeddings incrementally by leveraging node feature
information. This method significantly enhances the scalability of graph neural networks
to large graphs.

The core principle of GraphSAGE is to learn how to aggregate feature information
from a node’s local neighborhood while also preserving the node’s own features. Figure 6.
shows how GraphSAGE clusters neighbor node information. This enables the generation of
embeddings for nodes by sampling and aggregating features from their neighbors, rather
than requiring the whole graph to be processed at once. Here is a breakdown of how
GraphSAGE operates:

1. Sampling: The first step in GraphSAGE is to sample a fixed-size neighborhood for each
node in the graph. Instead of using the entire neighborhood, GraphSAGE randomly
selects a subset of neighbors at each depth of the neighborhood to consider. This
sampling step is crucial for making the algorithm scalable and efficient.
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2. Aggregation: Once the neighbors are sampled, GraphSAGE aggregates their features
to generate a new feature vector for the target node. The aggregation function can be
a simple mean of the neighbors’ features, a pooling operation (like max pooling), or
even a more complex neural network that learns how to aggregate the features. The
key idea is to create a summary of the neighborhood’s features that captures the local
structural information.

3. Update: The aggregated feature vector is then combined with the target node’s current
feature vector (e.g., through concatenation) and passed through a neural network
layer (which can include non-linear activation functions) to generate the node’s new
feature vector. This step effectively updates the node’s representation based on its
own features and the aggregated features of its neighbors.

4. Normalization: Often, the new feature vector is normalized to ensure stable training
dynamics. For example, L2 normalization can be applied to the resulting vector.

5. Repeat: Steps 1 through 4 can be repeated for multiple iterations or “layers”, allowing
information to propagate from increasingly distant parts of the graph. With each iter-
ation, the node representations incorporate information from a wider neighborhood.

6. Task-Specific Output: The final embeddings produced by GraphSAGE can be used
for various downstream tasks such as node classification, link prediction, or even
graph classification with the appropriate task-specific layers added on top of the
GraphSAGE embeddings.
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GraphSAGE’s novel approach to sampling and aggregation enables it to efficiently
handle large-scale graphs. By focusing on local neighborhoods and using a fixed-size
sampling strategy, it avoids the computational challenges associated with processing large
graphs in their entirety. This makes GraphSAGE particularly well-suited for real-world
applications where graphs can be very large and constantly evolving.

2.3.2. Graph Attention Networks (GATs)

GATs introduce an attention mechanism to the process of aggregating feature infor-
mation from neighbors in a graph. This approach allows for more nuanced and dynamic
weighting of neighbor contributions, as opposed to treating all neighbors equally or relying
on predefined weights. The key innovation of GATs is their ability to assign different
importance or weights to different nodes in a neighborhood, enabling the model to focus
on more relevant information when updating a node’s representation. Figure 7 [41] shows
this feature of GATs. Here are the core principles of how GATs work:

1. Node-Level Attention Mechanism: GATs leverage a self-attention strategy to com-
pute attention coefficients that indicate the importance of each node’s features to
another. This mechanism enables the model to dynamically prioritize information
from different neighbors based on their feature similarity and relevance.

2. Feature Aggregation with Attention: For each node, the GAT model calculates the
attention coefficients for all its neighbors. These coefficients are then used to weight
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the neighbors’ feature vectors before aggregation. The weighted sum of the neighbors’
features, scaled by the learned attention coefficients, forms the aggregated feature
representation for the node. This process ensures that features from more relevant
neighbors have a greater influence on the node’s new feature representation.

3. Multi-Head Attention for Stabilization: To stabilize the learning process and improve
feature representation, GATs often employ multi-head attention. This involves run-
ning several independent attention mechanisms in parallel (each being a “head”), then
concatenating or averaging their output feature representations. Multi-head attention
allows the model to capture different aspects of feature relevance and provides a
richer representation of the neighborhood’s features.

4. Non-linearity and Feature Transformation: Similar to other neural network ap-
proaches, GATs incorporate non-linear transformations into the feature aggrega-
tion process. Before computing attention coefficients, features can be transformed
through a learnable linear transformation (e.g., a weight matrix). Non-linear activa-
tion functions (e.g., LeakyReLU) are also applied to the attention scores to introduce
non-linearity into the model.

5. Normalization of Attention Coefficients: The attention coefficients for a node’s neigh-
bors are normalized using a Softmax function, ensuring that they add up to one.
This normalization step allows the model to effectively compare and contrast the
importance of each neighbor within a local neighborhood context.
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By dynamically weighting the contributions of neighbors based on the attention
mechanism, GATs can effectively capture the relational information encoded in graphs.
This approach is particularly beneficial for tasks like node classification, link prediction,
and graph classification, where the relative importance of neighbors can significantly
impact performance.

3. GCNs for Image Restoration

Image restoration is a crucial task in the field of computer vision, encompassing
image denoising [41], image super-resolution [35], and image deblurring [42]. The primary
objective of these tasks is to recover clear images from corrupted or low-quality ones. Graph
Convolutional Networks (GCNs) have demonstrated significant potential in the domain of
image restoration. GCNs, as a specialized type of neural network, conduct convolution
operations on graph-structured data [39]. Given that an image can be conceptualized as
a graph consisting of pixels (vertices) and their interconnections (edges), GCNs can be
directly applied to various image processing tasks. In the context of image restoration,
GCNs are capable of capturing long-range dependencies within the image while preserving
its local structure. This unique capability enables GCNs to deliver exceptional performance
when addressing complex challenges in the realm of image restoration.
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3.1. GCNs for Image Denoising

In the realm of image denoising, GCNs have emerged as a prominent area of research
due to their robust graph data processing capabilities. Unlike traditional convolutional
neural networks, GCNs are adept at extracting features from non-Euclidean geometric
structures, offering a novel approach for addressing image denoising tasks that involve
intricate pixel relationships [38]. This subsection will provide a detailed overview of the
recent advancements in GCN research pertaining to image denoising.

3.1.1. GCNs and Improved Methods for Image Denoising

Currently, GCNs are widely utilized across various domains for the purpose of image
denoising. Researchers are employing GCNs along with advanced methods such as ECC
and GATs to enhance the process of image denoising. Zhang et al. [43] introduced a
label denoising (LDN) method based on GCNS and also proposed an innovative adaptive
aggregate GCNs (AdarGCN) model for effectively reducing noise in image denoising
tasks. AdarGCN demonstrates potential in enhancing the adaptive aggregation mechanism.
However, these methods can suffer from high computational complexity, particularly in the
adaptive aggregation process which requires significant resources for large-scale images. Li
et al. [44] proposed an image denoising approach based on cross-patch consistency (CPNet).
CPNet introduces a graph convolutional network known as Cross-Patch GCNs (CP-GCNs)
to capture long-range context dependencies across patches. CP-GCNs effectively leverage
cross-patch information through the construction of a cross-patch graph and the utilization
of graph convolution operations to aggregate both local and non-local information. The
cross-patch consistency approach can be computationally intensive due to the need to
construct and process cross-patch graphs, limiting its applicability to real-time image
processing tasks. Han [45] further enhances GCNs by proposing a graph embedding
algorithm based on self-supervised graph denoising, aiming to enhance the robustness of
graph neural networks.

The conventional GCN model typically treats all nodes’ features equally when pro-
cessing images, whereas the graph attention network can dynamically adjust each node’s
weight based on inter-node relationships and feature importance, thereby enhancing its
ability to capture both local and global information in the image. Jiang et al. [42] proposed
a graph attention denoising method called GAiA-Net. The proposed method captures
both pixel-level and structure-level features through iterative transformation and learning,
and aggregates between in-node (pixel-level) and out-node (structure-level) through in-
formation exchange and pooling. In this method, the graph attention mechanism is used
to generate pixel-level attention and guide it to nodes with different distances to generate
the final attention map. However, the iterative transformation and learning processes
required to capture both pixel-level and structure-level features can lead to longer training
times and higher computational demands. Based on the graph attention mechanism, Mou
et al. [46] propose a graph attention network based image restoration method (GATIR),
which achieves state-of-the-art performance on Mosaic and compression artifact reduction
tasks by establishing feature-block-based non-local attention and utilizing graph convolu-
tion for selective feature aggregation. In order to adaptively balance image content and
obtain better image denoising performance, Mou et al. [47] proposed a dynamic attention
graph learning model (DAGL) for image restoration task. The model’s complexity increases
significantly with the dynamic attention mechanism, potentially leading to slower infer-
ence times and higher memory usage. Liu et al. [48] used an edge enhancement module
and a windowed graph attention convolutional network (WGAT) to solve the problem of
denoising low-dose CT images. The edge enhancement module provides enough edge
information for the encoder part at each stage, and WGAT combines the static and dynamic
attention modules to explore the non-local self-similarity of the encoder, bottleneck, and
decoder part of the LDCT image, which improves the denoising efficiency of the LDCT
image. The edge enhancement module, while improving detail preservation, can intro-
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duce artifacts if not properly balanced, and the windowed attention mechanism can be
computationally expensive.

Graph convolutional neural networks have been widely used in grid or point cloud
image restoration tasks due to their adaptability to irregular structures, effective capture
of local and global information, efficient processing of large-scale data, and flexibility and
generalization. For example, Shen et al. [49] and Armando et al. [50] proposed a 3D mesh
denoising method based on GCNs, which is able to remove noise and preserve geometric
features when dealing with damaged 3D meshes. These methods require a high level of
expertise to accurately design and implement, and may not be as effective on 2D image data
without significant modifications. Traditional mesh denoising methods require manual
feature design and can usually only perform local denoising. In contrast, the method
using GCNs directly operates on the topology of the mesh through an end-to-end learning
strategy, and can learn more meaningful features.

To address the over-smoothing problem of GCNs in image processing, Mostafa
et al. [51] proposed a graph convolutional neural network called Permutohedral-GCNs,
which has a global attention mechanism and is able to effectively classify and embed
nodes in the graph. The global attention mechanism is implemented by an approximate
Gaussian filtering method, which is computationally efficient and scalable. It avoids the
inherent limited aggregation range of GCNs and allows nodes to aggregate features from
different nodes, thus alleviating the over-smoothing phenomenon. Tian et al. [52] proposed
a perceptual self-supervised learning network (PSLNet) for noisy image watermarking
removal, which relies on a parallel network to remove the noise and the watermark. This
method is very effective in removing noisy image watermarking compared to the popular
convolutional neural network (CNN).

Table 2 provides an overview about GCNs as well as the improved method for image
denoising.

Table 2. GCNs and improved methods for image denoising.

References Methods Applications Key Words (Remarks)

Shen et al. (2022) [49] GCNs 3D mesh denoising Mesh Geometry, Structural Features, Graph-based
Filtering

Zhao et al. (2023) [53] GCNs 3D mesh denoising Gaussian curvature-driven multi-stream networks

Armando et al. (2020) [50] GCNs 3D mesh denoising GCNs for mesh denoising

Zhang et al. (2021) [43] GCNs Few-shot Learning tasks, image
denoising LDN method based on GCNs

Liu et al. (2022) [48] GAT Low dose CT image denoising Edge Enhancement Module and WGAT

Chen et al. (2021) [54] GCNs CT image denoising Encoder-decoder-based GCNs

Chen et al. (2021) [2] GCNs Low dose CT image denoising Multi-information fusion denoising

Jiang et al. (2023) [42] GAT Graph attention denoising,
synthetic noise

Pixel-level Features, Structure-level Features,
Attention Mechanism

Mou et al. (2021) [47] GAT Denoising, super-resolution,
compressed sensing

Dynamic Attention, Graph Learning, Image
Restoration

Mou et al. (2021) [46] GAT Denoising, super-resolution,
compressed sensing Image Restoration Using Graph Attention Networks

Chen et al. (2023) [55] GCNs Denoising method for noisy point
cloud Novel geometric dual-domain GCNs for PCD

Han (2022) [45] GCNs Self-supervised Graph Denoising Graph Embedding, Self-supervision, Robustness

Mostafa et al. (2020) [51] GCNs Graph attention denoising,
synthetic noise Attention-based Global aggregation scheme

Li et al. (2021) [44] GCNs Image denoising Cross-patch Consistency, Long-range Dependencies,
Aggregation
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3.1.2. GCNs Combine with Other Methods for Image Denoising

The application of graph convolutional networks (GCNs) combined with other meth-
ods in denoising is a powerful strategy. The ability of GCNs to model global context
information and non-local self-similarity information is combined with the local spatial
pattern extraction ability of convolutional neural networks (CNNs) or the noise distribution
learning ability of generative adversarial networks (GANs), so as to achieve a more accu-
rate and effective image denoising effect. This combination not only gives full play to the
advantages of the respective models, such as the global information processing ability of
GCNs and the local detail capture ability of CNNs, but also adapts to different types of data
and noise patterns by designing specialized architectures. Fu et al. [56] proposed a method
combining GCNs and CNNs to model the global relationship between pixels and channels.
Chen et al.’s [57] method explores the non-local self-similarity of low-dose CT images
through GCNs. This method uses a GAN to learn the noise distribution and construct
the data, and then uses graph convolution (GCL) to explore the non-local self-similarity
information of LDCT images, achieving better denoising results. Additionally, the CEGCN
framework proposed by Liu et al. [58] fuses CNNs and GCNs to process hyperspectral
images. These methods not only improve the denoising performance, but also enhance
the adaptability of the network to complex noise distribution and image characteristics,
showing the great potential and diversified application of GCNs combined with other
methods in denoising technology. Table 3 shows the application of GCNs combined with
other methods for denoising.

Table 3. GCNs combine with other methods for image denoising.

References Methods Applications Key Words (Remarks)

Fu et al. (2021) [56] GCNs CNN GCNs for image De-raining Global Relationship, Pixel-Channel
Modeling, Fusion

Li et al. (2021) [44] GCNs CNN GCNs for image denoising Cross-patch Consistency, Patch-based
Learning, Aggregation

Chen et al. (2020) [57] GCNs GAN Low dose CT image denoising Noise Distribution Learning, Non-local
Self-similarity, GAN Integration

Liu et al. (2020) [58] GCNs CNN Processing Hyperspectral
Images (HSI)

CNN-GCN Fusion, Spectral-Spatial Features,
Hyperspectral Data

3.1.3. Network Optimization Methods for Image Denoising

Through the continuous optimization and innovation of GCNs, recent research results
have demonstrated their significant application advantages in the field of denoising. Tian
et al. [59] proposed a cross-transformer denoising CNN (CTNet) based on serial block (SB),
parallel block (PB), and residual block (RB) to obtain clean images of complex scenes. The
proposed method uses the enhanced residual structure depth to search for structural infor-
mation for image denoising. In addition, to improve the denoising performance, CTNet
embedded the transformer mechanism into SB and PB to extract complementary salient
features, so as to effectively remove noise based on pixel relationships. The Adaptive Graph
Prior Network (AGPNet) proposed by Jiang et al. [60] effectively captures the long-distance
dependencies at the pixel and patch level through a novel graph construction method
and k-nearest neighbor algorithm, realizes the exchange and integration of information
at different levels, and breaks through the limitations of traditional denoising methods in
dealing with complex dependencies. The PDE-GCN method proposed by Eliasof et al. [61]
solves the problem of over-smoothing of deep networks by combining graph neural net-
works with partial differential equations, providing a more flexible architectural design that
enhances the generalization ability and denoising efficiency of the model. Hattori et al. [62]
proposed a self-prior learning method based on dual graph convolutional networks, which
showed superior performance in mesh denoising by focusing on filtering vertex positions
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and normal vectors and avoiding the dependence on large-scale datasets. Fu et al.’s [63]
dual-graph convolutional network has made innovations in the field of single image rain
removal. By constructing two graphs to model and reason about the global relationship, it
shows the powerful ability of GCNs to deal with global spatial and inter-channel relation-
ships. These optimizations and innovations not only improve the performance of denoising
techniques, but also extend the applicable scope of GCNs in denoising applications. By
carefully optimizing the GCN, such as improving the graph construction method, com-
bining partial differential equations, and introducing the self-prior learning mechanism,
researchers can more deeply explore the internal structure and complex dependencies of
the image, so as to achieve more accurate and efficient denoising effects. These results not
only verify the great potential of GCNs in the field of image processing, but also provide
new ideas and directions for future research. Table 4 presents an overview of this section.

Table 4. Network optimization methods for image denoising.

References Methods Applications Key Words (Remarks)

Jiang et al. (2023) [60] AGPNet Image Denoising with Graph
Priors

Graph Construction, Long-distance
Dependencies, k-NN Algorithm

Eliasof et al. (2021) [61] PDE-GCNs GCNs for image denoising Partial Differential Equations, Graph Neural
Networks, Over-smoothing

Hattori et al. (2022) [62] GCNs GCNs for mesh denoising Self-prior Learning, Vertex Position, Normal
Vectors

Fu et al. (2021) [63] GCNs GCNs for image de-raining Global Spatial Relationship, Inter-channel
Modeling, Rain Removal

3.2. GCNs for Image Super-Resolution

In the field of image super-resolution, the method based on deep learning has become
an advanced technology to realize image enhancement. Image super-resolution technology
aims to restore high-resolution images from low-resolution images, using a variety of deep
learning models, such as convolutional neural networks (CNNs) and graph convolutional
networks (GCNs), to enhance the details in the image and minimize distortion. Traditional
CNN methods have achieved some success in the field of super-resolution, but may not be
adequate in image feature representation due to their inherent limitations, such as their
weak ability to handle non-Euclidean data. To overcome these problems, GCNs have
gradually attracted attention as an effective deep learning tool.

3.2.1. GCNs and Improved Methods for Image Super-Resolution

In recent years, GCNs have been widely used in image and point cloud super-
resolution tasks because of their powerful ability to capture the global relationship between
image and point cloud data. Various GCN-based methods have been proposed by different
research groups to improve the super-resolution performance (Table 5). For example, the
CASGCN method proposed by Yang et al. [64] effectively captures the channel and spatial
information of the image by combining channel attention and spatial graph convolution,
and significantly improves the super-resolution performance. However, Yan et al.’s [65]
SRGAT method, which uses a Graph Attention Network (GAT) to optimize single image
super-resolution, shows excellent performance on multiple datasets. In the same year, Yang
et al. [66] also introduced a method called Spatial Graph Convolutional Network (SGCN),
which captured the global features of an image through a deep or wide network structure,
and further enhanced the feature representation through the Residual Feature Refinement
Module (RFRM) and Spatial Graph Attention (SGA).
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Table 5. GCNs and improved methods for image super-resolution.

References Methods Applications Key Words (Remarks)

Yang et al. (2021) [64] CASGCN Image Super-Resolution Channel Attention, Spatial Graph
Convolution, Feature Enhancement

Yan et al. (2021) [65] SRGAT Single Image
Super-Resolution

Graph Attention, Multi-dataset Performance,
Optimization

Yang et al. (2021) [66] SGCN Image Super-Resolution Global Features, Residual Refinement,
Spatial Graph Attention

Zhang et al. (2021) [67] SERANs MRI Super-Resolution Magnetic Resonance, High-resolution,
Medical Imaging

Wu et al. (2019) [68] AR-GCNs Point Cloud Super-Resolution Local Similarity, Point Cloud Data,
Upsampling

Chen et al. (2023) [69] GCNs-MA Point Cloud Super-Resolution Multi-attribute, Point Cloud,
Super-resolution

Liang et al. (2023) [70] MAGSR Remote Sensing Images
Super-Resolution

Multi-angle, Global Features, Remote
Sensing

Qian et al. (2021) [71] GCNs Point Cloud Super-Resolution Domain Information, Feature Extraction,
Point Cloud

Zhong et al. (2023) [72] PSR-GAT Point Cloud Super-Resolution Graph Attention, Non-local Features, Point
Cloud

Cao et al. (2022) [73] GCNs Video Captioning, Video
Super-Resolution

Local Object Relationships, Temporal
Dynamics, Video Processing

Berlincioni et al.
(2023) [74] 4DSR-GCNs 4D Video Point Cloud

Upsampling 4D Video, Point Cloud, Upsampling

In 2024, Yang et al. [75] proposed the “relation-Consistent Graph Convolutional Net-
work” (RGCN), which not only uses GCNs to capture global image features, but also
introduces a new spatial graph attention mechanism to further improve the performance
of image super-resolution. In addition, other studies such as Zhang et al.’s [67] SERAN
method, Wu et al.’s [68] AR-GCNs method, Chen et al.’s [69] GCNs-MA method, and Liang
et al.’s [70] MAGSR method, etc., have demonstrated the strong application potential of
GCNs in image and point cloud super-resolution tasks. These studies not only prove the
effectiveness of GCNs in capturing the global relationship between image and point cloud
data, but also show that the super-resolution performance can be further improved by
different attention mechanisms and network structure improvements. These applications
of GCNs have achieved good performance on multiple datasets and scale factors, which
proves their wide applicability and promise in the field of image super-resolution. Table 5
presents an overview of this section.

3.2.2. GCNs Combine with Other Methods for Image Super-Resolution

The application of graph convolutional network (GCNs) in image processing tasks
is increasing, and significant progress has been made especially in the fields of Image
Super-Resolution (ISR) and Image Deblurring (Table 6). These studies make full use of the
advantages of GCNs in processing spatial context information and non-local dependencies
in images, and combine with traditional convolutional neural networks (CNNS) and other
techniques to form efficient and innovative solutions. The CRAN (Context-inferring Atten-
tion Convolutional Network) proposed by Zhang et al. [76] is a breakthrough example. It
effectively handles the image super-resolution task through the steps of context informa-
tion extraction, context descriptor relationship inference, and context-inferring attention
convolution. The CRAN network uses GCNs to extract and process the context information
in an image, and then uses a CNN for feature extraction and convolution operations. This
combination not only improves the resolution of the image, but also enhances the details
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and textures of the image, showing the powerful ability of GCNs in understanding and
processing the image context. Tian et al. [77] proposed a dynamic network for image super-
resolution (DSRNet), which consists of a residual enhancement block, a wide enhancement
block, a feature refinement block, and a structure block. Experimental results show that
the proposed method is competitive in terms of performance, time, and complexity of
image super-resolution restoration. Liu et al. [58] focused on hyperspectral image (HSI)
classification and proposed CEGCN (CNN-enhanced GCNs), a heterogeneous deep net-
work that combines the advantages of CNNs and GCNs to perform feature learning on
small-scale regular regions and large-scale irregular regions, respectively. This method can
generate complementary spectral-spatial features, and at the same time solve the problem
of data representation structure incompatibility between CNNs and GCNs through a graph
encoder and decoder, so that the two networks can cooperate in a single network, which
improves the accuracy and efficiency of HSI classification. Furthermore, Liu et al. [78] pro-
posed RAN (Region-Aware Network) to solve the remote sensing image super-resolution
problem, which adopts a contrastive learning strategy to capture potentially degraded rep-
resentations and improves the quality of reconstructed images through the designed RAM
(Region-Aware Module) module. The RAM module contains a 3D attention module for
modeling channel and spatial information, and a GCN-based cross-patch feature aggrega-
tion module for exploring non-local information. This region-aware strategy and the design
of high-level modules enable RAN to improve the image super-resolution performance
while preserving texture details.

Table 6. GCNs combine with other methods for image super-resolution.

References Methods Applications Key Words (Remarks)

Zhang et al. (2021) [76] GCNs CNN Image Super-Resolution Context-inferring, Attention Mechanism,
Feature Extraction

You et al. (2022) [79] GAT CNN Video super-resolution Multi-scale Learning, Enhanced Attention,
Temporal Dynamics

Liu et al. (2020) [58] GCNs CNN Hyperspectral Image
Classification, SR

CNN-GCN Integration, Spectral-Spatial
Features, Collaboration

Liu et al. (2023) [80] GAN GCNs Face Image Super-Resolution,
Inpainting

GAN-GCN Synergy, Facial Features,
Generative Adversarial

Liu et al. (2023) [78] GCNs RAM Remote Sensing Images
Super-Resolution

Region-aware, Cross-block Self-similarity,
Spatial Information

Zhang et al. (2023) [81] GCNs GRAN Electron Microscopy Image
Deblurring

Fully Connected Graph, Non-local
Relationships, Image Quality

The study by Zhang et al. [81] combines GCNs with Graph Inference Attention Net-
work (GRAN) to propose a lightweight solution to the electron microscopy image deblur-
ring problem. By constructing a fully connected graph and treating the feature points
as nodes in the graph and using GCNs for inference, this method can effectively capture
the non-local relationships in the image and improve the deblurring performance. By
applying GCNs to each node in the feature map and multiplying the response with the
input feature map, the resulting enhanced visual component is crucial for improving the
image quality. These studies demonstrate the potential of GCNs in image super-resolution
and deblurring tasks, and provide new perspectives and methods for processing complex
spatial relationships and contextual information in images by combining with traditional
techniques such as CNNs.

3.2.3. Network Optimization Methods for Image Super-Resolution

Through continuous optimization and innovation of GCNs, recent research results
show their significant application advantages in the field of image super-resolution (Table 7).
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A study by Xu et al. [82] proposed a method for applying GCNs to image deblurring and
super-resolution tasks by transforming feature maps into graph nodes and using graph
convolution for feature synthesis. By implicitly applying graph Laplacian regularization,
this approach optimizes the structure of the feature map and thus achieves significant
performance gains in image restoration tasks. Aiming at the high computational cost of
Transformer on single image super-resolution task, Zhang et al. [83] proposed the Super
Token Interaction Network (SPIN), which enhances the interpretability and efficiency of
the model through superpixel clustering and attention mechanism. Li et al. [84] introduced
the diffusion-based SRDiff model, which is the first attempt to use a diffusion probabilistic
model for single image super-resolution reconstruction, by introducing residual prediction
to speed up convergence. Liu et al.’s [85] research improves the performance of facial
expression inpainting by improving Graph Convolutional Network (IGCN) and Region
Relation building Module (RRMB). Yue et al. [86] used GCNs to solve the global spatial-
temporal feature refinement problem in video super-resolution, demonstrating the strong
potential of GCNs in video content analysis. These studies demonstrate the importance
and effectiveness of GCNs and their optimization methods in improving the performance
in image super-resolution, deblurring, and video processing tasks. Through these inno-
vative approaches, researchers are able to address challenges such as high computational
cost, low efficiency, and lack of interpretability, opening new avenues for future image
processing techniques.

Table 7. Network optimization methods for image super-resolution.

References Methods Applications Key Words (Remarks)

Xu et al. (2021) [82] GCNs GCNs for image super-restoration
and deblurring

Feature maps are converted to graph
nodes

Zhang et al. (2023) [83] GCNs GCNs for image super-restoration Super token interaction network (SPIN)

Li et al. (2022) [84] GCNs Single Image Super-Resolution
(SISR)

Single Image Super-resolution Diffusion
Model

Liu et al. (2020) [85] GCNs Facial expression recovery Facial expression restoration method
based on IGCN

Yue et al. (2022) [86] GCNs Spatial-temporal Video
Super-resolution

Spatial-temporal Global Refinement
Module (ST-GR)

3.3. GCNs for Image Deblurring

In the field of deep learning, GCN-based image deblurring methods have made
significant progress. As an effective method for processing graph structure data, GCNs
have been widely used to deal with complex structural relationships in images. Since
blurred images often contain distorted structural information, GCNs are used to restore
the structural details in the image and improve the deblurring effect due to their unique
neighborhood aggregation mechanism.

3.3.1. GCNs and Improved Methods for Image Deblurring

In the specific problem of using GCNs or related techniques to solve image deblurring,
Liao et al. [87] propose RAAD-Net, an image deblurring network with two stages of coarse
deblurring and fine deblurring to identify and remove different types of image blur. It
uses the attention mechanism to identify the remaining blurred regions in the image, and
adopts Graph Convolutional Networks (GCNs) to model these regions, so as to remove the
blur more effectively. Tests on GoPro and HIDE datasets show that RAID-Net outperforms
other existing deblurring methods. A study by Chen et al. [88] introduces a cloud removal
method based on synthetic aperture radar (SAR), optical data fusion, and a graph-based
feature aggregation network. Through the residual module, graph attention network, and
graph-based feature aggregation mechanism, this method is able to effectively remove
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clouds from optical images. The proposed method outperforms other cloud removal
methods on both simulated and real data. The work by Shen et al. [89] introduces the
application of GCNs in remote sensing data processing, including image denoising, texture
restoration, and image fusion, among others. GCNs can capture non-local, self-similar
patterns; are suitable for processing multi-modal data such as optical, infrared, SAR, and
lidar data; and are able to recover more detailed texture information. However, there
are efficiency differences and iterative optimization challenges between GCNs and CNNs
when the structured data are graphs. The DRTL method by Li et al. [90] is a method for
real-world image super-resolution. By constructing a model called “Distortion Relation
Network” (DRN), the correlation relationship between different distortion types is used to
solve the problem of image super-resolution. The transfer of pre-trained task knowledge
to the target distortion type super-resolution task is realized. Experimental results show
that this method performs well on real-world image super-resolution tasks. These studies
demonstrate diverse applications of GCNs and related techniques in the field of image
processing, including solutions to problems such as deblurring, cloud removal, data fusion,
denoising, texture restoration, and image super-resolution. Table 8 gives an overview of
this part.

Table 8. GCNs and improved methods for image deblurring.

References Methods Applications Key Words (Remarks)

Liao et al. (2022) [87] GCNs Different types of motion image
deblurring

Attention mechanism, image deblur,
image processing

Chen et al. (2022) [88] GCNs GCNs and GAT for image
deblurring Cloud removal, remote sensing image

Shen et al. (2022) [89] GCNs Deblurring of remote sensing
images

Remote sensing technology, remote
sensing image processing

Li et al. (2021) [90] GCNs Real Image deblurring and
super-resolution

Few-shot RealSR, Distortion Relation
Graph, Transfer Learning

3.3.2. GCNs Combine with Other Methods for Image Deblurring

In recent years, there have been few studies on combining GCNs with other methods
for image deblurring. Li et al. [91] proposed a deblurring method based on wavelet
transform, iterative filter adaptive module, and graph convolutional network to solve the
out-of-focus blur problem of images. By predicting an adaptive deblurring filter for each
pixel, the proposed method improves the image restoration performance while keeping
the computational cost low. Experimental results show that the proposed method can
produce images with better visual quality and stronger robustness in various scenarios.
In addition, Zhang et al. [81] proposed a lightweight graph inference attention network
(GRAN) for image deblurring of low quality (LQ) microscope images. This method used
GCNs to capture the non-local relationship between input feature points, and introduced a
graph inference attention block (GRAB) in GRAN to solve the problem of over-smoothing
of the network, which could be easily inserted into other networks. Experimental results
show that GRAN outperforms other state-of-the-art deblurring techniques on electron
microscopy (EM) and histology (HIST) datasets. Table 9 gives an overview of this section.

Table 9. GCNs combine with other methods for image deblurring.

References Methods Applications Key Words (Remarks)

Li et al. (2023) [91] IFA GCNs Out-of-focus blur of the image Wavelet transform, defocus deblurring

Zhang et al. (2023) [81] GRAB GCNs Image deblurring for Low Quality
(LQ) microscopy images Microscopy image, image deblurring



Mathematics 2024, 12, 2020 19 of 38

3.3.3. Network Optimization Methods for Image Deblurring

In recent years, the GCN method has been innovated for image deblurring, and there
are several research works as follows. Liu et al. [85] proposed a facial expression inpaint-
ing method based on an improved Graph Convolutional Network (IGCN) to model the
relationships of facial regions, and process facial patches through a Region Relationship
Building Module (RRMB) and IGCN to optimize feature extraction. Eliasof et al. [61] intro-
duced PDE-GCNs, a partial differential equation-based graph neural network architecture
to improve the efficiency and theoretical nature of graph network processing. Although
it mainly addresses the problem of over-smoothing, it is potentially applicable to image
deblurring tasks as well. Table 10 gives an overview of this section.

Table 10. Network optimization methods for image deblurring.

References Methods Applications Key Words (Remarks)

Liu et al. (2020) [85] GCNs Facial expression restoration Facial Expression Restoration, Generative
Adversarial Network

Eliasof et al. (2021) [61] GCNs Node classification. Image
deblurring Addressing Over-smoothing in GCNs

Xu et al. (2021) [82] GCNs GCNs for image super-restoration
and deblurring

Feature maps are converted to graph
nodes

3.4. Integration of Large Language Models (LLMs) and GCNs for Image Restoration

Recent advancements in artificial intelligence have seen the rise of LLMs, such as
GPT-3 and BERT, which excel in natural language processing tasks due to their ability to
capture complex dependencies and contextual information. Integrating LLMs with GCNs
presents a promising approach for enhancing image restoration tasks.

3.4.1. Synergistic Capabilities

LLMs can contribute to image restoration in several ways:

1. Contextual Understanding: LLMs are adept at understanding and generating complex
contextual information [92]. When integrated with GCNs, LLMs can help interpret
high-level contextual information about the image content, which can be used to
guide the restoration process more effectively.

2. Multi-Modal Learning: LLMs can facilitate multi-modal learning by bridging the
gap between textual and visual data [93]. By incorporating textual descriptions or
annotations associated with images, LLMs can provide additional context that GCNs
can leverage to improve restoration accuracy.

3. Feature Extraction: LLMs can be utilized to extract semantic features from textual
data that can complement the structural features extracted by GCNs from image
data [94]. This complementary feature set can enhance the overall performance of
image restoration models.

3.4.2. LLMs for Image Restoration

Traditional image restoration tasks are often designed for specific types, are difficult
to generalize to handle diverse degraded or unknown scenes, and lack interactivity with
users, limiting their applicability and flexibility [95,96] (Table 11).
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Table 11. LLMs for image restoration.

References Methods Applications Key Words
(Remarks)

Jin et al. [95] LLMs Image restoration CEM, Transformer
(DC-former)

Wei et al. [96] LLMs Image restoration Interactive image
processing

Jin et al. [95] proposed LLMRA (Multimodal Large Language Model-Based Image
Restoration Assistant) using pre-trained multimodal language models such as IDEFICS to
generate image degradation text descriptions, encoded by CLIP, and degraded through
Context Enhancement Module (CEM). Context-based Transformer (DC-former) integrates
these contexts into the restoration network to achieve more accurate and tunable image
restoration. The Clarity ChatGPT system proposed by Wei et al. [96] is an interactive image
processing system that combines ChatGPT’s conversational intelligence and multiple
image restoration and enhancement methods to automatically detect degradation types,
select appropriate methods, and iteratively generate satisfactory results based on user
feedback. System features include CLIP-driven degradation classification, reference-free
quality assessment, region-specific processing, and advanced fusion technology. With rich
common sense, powerful semantic understanding, and generation capabilities, LLMs have
been explored for use in image processing to enhance feature extraction and understand
the degraded information of images. They can generate text to describe image attributes,
capture low-level features, and assist image understanding, thereby improving restoration
accuracy and adjustability. LLMs can also be used directly as predictors, or, by combining
them with GCNs, to improve tasks such as node classification [94]. In text attribute graphs,
LLMs are combined with GCNs to enhance node features by generating text descriptions,
improving graph feature representation, and solving the problems of label data scarcity
and heterogeneous graphs. LLMs are combined with knowledge graphs to enhance the
model’s reasoning capabilities and reduce illusions, improving understanding of complex
data, such as scene graphs guiding robot task planning and drug recommendation [97].

4. Experimental Results
4.1. Datasets
4.1.1. Training Datasets

1. Image denoising training datasets

In the field of image denoising, researchers have extensively used real and synthetic
datasets such as BSD500 [98,99], Urban100 [100], Set12 [42,101], SIDD [102], DIV2K [103],
CBSD68 [60,104], Rain100L/H [105], Rain800 [106], etc., which contain different levels
of noise, such as Gaussian noise, actual camera noise, raindrop noise, etc., and provide
noise-free clean images as ground truth. For 3D grid denoising, 3D grid model datasets
scanned from Microsoft Kinect devices [53], real scan data downloaded from academic
repositories [50], and self-built simulated noise datasets have been used. In the study of
low-dose CT image denoising, datasets from clinical cases and challenges, such as NIH
AAPM-Mayo Clinic Low-Dose CT Grand Challenge [57], have been used.

2. Image super-resolution training datasets

For super-resolution of natural images and videos, the benchmark datasets used are
Set5 [107], Set14 [108], B100 [82], Urban100, and Manga109 [109]. These datasets are used to
evaluate the performance of super-resolution algorithms at different magnification factors
and are compared by quantitative indicators such as peak signal-to-noise ratio (PSNR) and
structural similarity index (SSIM). In the field of medical image super-resolution (MedSR),
the DIV2K dataset is widely used as a training resource. The dataset contains high-quality
natural scene images and can provide rich training materials for medical images. For
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hyperspectral image super-resolution, researchers have used datasets such as CAVE [110],
NUS [111], and NTIRE2018 [112], which contain images with a variety of waveband
information and can be used to evaluate the effect of hyperspectral image super-resolution
technology. In the field of point cloud data super-resolution, two datasets, PU1K [71] and
Visionair [113], have been used, which provide a large number of 3D models to support
the training of point cloud upsampling models. In the field of remote sensing image
super-resolution, researchers have used datasets such as RS RSC11 and UC-Merced, which
contain satellite or aviation remote sensing images with different resolutions taken from
multiple perspectives, so as to train and verify super-resolution algorithms for such images.

3. Image deblurring training datasets

In the field of image deblurring, researchers have used a series of synthetic and
real blur image datasets, such as GoPro [87], Real-Blur, HIDE [114], etc., to evaluate the
performance of image deblurring algorithms, and generated low-quality blur images as
training samples through high-resolution image sets such as DIV2K, Flickr2K [115], etc.
For image restoration and fusion, researchers have constructed or utilized mixed distortion
datasets such as DPDD, as well as custom real-world image blur datasets, combined with
images taken by Canon and Nikon cameras in different scenarios. In the research of
blind image deblurring and microscope image deblurring, high-resolution and low-quality
image pairs of electron microscope images, tissue sections, and specific biomedical and
high-throughput microscope imaging datasets have been used, respectively.

4.1.2. Test Datasets

1. Image denoising test datasets

In terms of image denoising, synthetic and real-world raindrop noise datasets such as
Rain12 [116], Rain200L/H [105], DDN-Data [117], DID-Data, Rain800 [106], SPA-Data [118],
and datasets of various noise types such as JPEG compression noise and Gaussian noise
were also considered, such as Classic5 or LIVE1. The Rain series datasets simulated different
degrees of rain marks, while SPA-Data provided a large number of rain-noise images taken
in real scenes. In the study of 3D grid denoising, the test datasets included grid scan data
obtained from Microsoft Kinect devices, such as Kv1Data, Kv2Data, K-FData [119], and
PrintData dataset [49] obtained by printing and rescanning, which were used to evaluate
the performance of the model in removing 3D scan noise. For low-dose CT image denoising,
the clinical dataset from the 2016 NIH AAPM-Mayo Clinic Low-Dose CT Grand Challenge
was used, which included normal dose and simulated quarter dose abdominal CT images
of anonymous patients, as well as different test subsets and standards.

2. Image super-revolution test datasets

The benchmark test datasets commonly used for image super-resolution (ISR) tasks
are Set5, Set14, BSD100, Urban100, Manga109, and CelebA and Helen datasets for facial
images. In addition, the DIV2K dataset for medical image super-resolution (MedSR) is
also widely used. In the experiments of video super-resolution (VSR) and space-time
video super-resolution (STVSR), the test datasets selected are Vimeo-90K (including its
three subsets of fast, medium, and slow motion speed), Vid4 and MSR-VTT, as well as
the SHREC15 dataset for cross-validation. In the research of hyperspectral image super-
resolution (HSIs), the CAVE, NUS, and NTIRE2018 datasets are used. In the research of
point clouds super-resolution, the PU1K dataset containing training and test samples, as
well as the SHREC15 dataset, are used to test the generalization ability of the model. For
remote sensing image super-resolution (RSIs), the RSC11 and other task datasets specifically
for remote sensing images are used.

3. Image deblurring test datasets

In the image deblurring test set, standard datasets such as GoPro, RealBlur, and
HIDE are used, which provide paired samples of blurred images and their corresponding
clear images to objectively evaluate the effect of image deblurring algorithms. In the
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experiments on facial expression recovery, BP4D, DISFA, and other datasets are used,
which contain multiple facial expression sequences under different emotional states, as well
as a customized dataset specially made to verify the generalization ability of the model.
For image super-resolution and deblurring tasks, the researchers adopt small-scale test sets
extracted from existing large datasets such as DIV2K, which contain blurred low-resolution
images and their corresponding high-definition original images under different scaling
ratios. In order to test the performance of the model in complex real-world scenarios,
some studies have also specially constructed customized test sets containing complex
backgrounds, motion blur, raindrop occlusion, and other real-world distortions.

4.2. Experimental Results
4.2.1. GCNs for Image denoising

To verify the denoising performance of some methods mentioned in Section 3.1, we
conducted some experiments on the Set12, BSD68, and Urban100 datasets in terms of
quantitative and qualitative evaluations. Figure 8 shows image samples from these datasets.
At the same time, we also add multiple traditional CNN methods and test them under the
same datasets to compare the denoising performance of the GCN method. The quantitative
evaluation mainly used peak-signal-to-noise-ratio (PSNR) values of different denoisers
to test the denoising effects. The qualitative evaluation used visual figures to show the
recovered clean images.
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We have compiled and uploaded the original code addresses of some models to: https:
//github.com/hellloxiaotian/GCN_IMAGE_RESTORATION, accessed on 30 May 2024.

Table 12 gives the hyperparameters, training parameters, frameworks, and number
of model parameters of the different models proposed in Section 3.1 to visualize the
complexity of these different methods.

Table 13 shows the comparison data of PSNR performance of different image algo-
rithms on Set12 test set under different noise standard deviations (σ). After comparison,
GAiA-Net achieves the highest PSNR value under three noise levels. At a lower noise level
(σ = 15), the PSNR gap between various methods is small.

Table 14 shows the comparison data of PSNR performance of different image algo-
rithms on BSD68 test set under different noise standard deviations (σ). After comparison,
GAiA-Net achieves the highest PSNR value under three noise levels. AGP-Net and GAiA-
Net show better denoising performance than other methods at high noise level (σ = 50),
and the PSNR values of the two are close, but GAiA-Net has a slight advantage.

Table 15 shows the comparison data of PSNR performance of different image al-
gorithms on Urban100 test set under different noise standard deviations (σ) (Figure 9).
AGP-Net and GAiA-Net obtained the highest and second highest PSNR values, respec-
tively, under three noise levels. DAGL method performed well under medium noise level
(σ = 25), and under high noise level (σ = 50); other methods such as DnCNN, FFDNet,
GCDN, etc., had relatively weak denoising levels, with a large gap with AGP-Net and
GAiA-Net methods.

https://github.com/hellloxiaotian/GCN_IMAGE_RESTORATION
https://github.com/hellloxiaotian/GCN_IMAGE_RESTORATION
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Table 12. Hyperparameters, training parameters, frameworks, and number of parameters for differ-
ent models.

Model Name Batch Size Learning Rate Parameters FLOPs (G) Framework

CASGCN 16 10−4 - - PyTorch

GRAN 16 10−4 3.2M 145.72 PyTorch

EDSR - 2 × 10−4 38.37M 6136.38 PyTorch

RDN - 2 × 10−4 21.98M 3514.59 PyTorch

4DSR-GCN - 10−4 - - PyTorch

IGCN 8 10−4 - - -

PU-GCN 64 0.001 - - PyTorch

FG-GAN 10 0.001 - - TensorFlow

RGCN 16 10−4 14.5M 49.75 PyTorch

STSR - 10−4 113.3M - PyTorch

SGCN 16 0.01 14.3M - PyTorch

PSR-GAT - 0.003 - - Torch

GRAN 16 10−4 3.2M 145.72 PyTorch

EDSR 16 10−4 38.37M 6136.38 PyTorch

RDN 16 10−4 21.98M 3514.59 PyTorch

Pix2pix GAN 16 2 × 10−4 - - -

DSen2-CR 16 7 × 10−5 - - -

IGCN 8 0.0001 - - PyTorch

DRTL 32 0.0001 - - PyTorch

RAID-Net 16 0.001 - - PyTorch

WIG-Net 8 0.9 - - PyTorch

GCN-Denoiser 128 0.001 - - PyTorch

ERA-WGAT 16 10−5 - - PyTorch

AGP-Net 128 0.01 - - PyTorch

GeoGCN 64 0.001 - - PyTorch

DAGL 32 1 × 10−4 - - PyTorch

Permutohedral-GCN - - - - TensorFlow

DGCN 10 1 × 10−4 - - TensorFlow

AdarGCN 8 0.001 - - PyTorch

GCN-based mesh denoising methods can make full use of the structural characteristics
of the mesh itself, and represent local surface regions as graph nodes in the dual space of
triangular face elements, and adjacent faces are connected by graph edges. This graph rep-
resentation allows direct convolution operations on the mesh surface, which can effectively
deal with various local graph structures and adaptively capture geometric features. In order
to test the performance of different methods in mesh denoising, we use the average normal
angle difference (Ea) as an index to quantitatively compare the denoising effects of bilateral
normal filtering (BNF), L0 smoothing, cascaded normal regression (CNR), NormalF-Net,
and GCN-Denoiser [49] on the datasets Synthetic Noise Datasets (SysData), Real Scan
Datasets (Kv1Data, Kv2Data, K-FData), Ground Truth for Real Scan Datasets, and New
Real-Scan Dataset (PrintData).
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Table 13. PSNR (dB) of different methods on the Set12 for different noise levels (i.e., 15, 25, and 50).

Datasets Set12

Methods σ = 15 σ = 25 σ = 50

DnCNN [27] 32.86 30.44 27.18
FFDNet [28] 32.75 30.43 27.32
DAGL [47] 33.28 30.93 27.81

AGP-Net [60] 33.46 31.15 28.07
GCDN [49] 33.14 30.78 27.60

GAiA-Net [42] 33.54 31.20 28.18
GraphCNN [120] 32.58 30.12 27.00
MWCNN [121] 33.15 30.79 27.74
DRUNet [122] 33.25 30.40 27.90
EFF-Net [123] 33.36 30.81 27.92

Table 14. PSNR (dB) of different methods on the BSD68 for different noise levels (i.e., 15, 25, and 50).

Datasets BSD68

Methods σ = 15 σ = 25 σ = 50

DnCNN [27] 31.73 29.23 26.23
FFDNet [28] 31.63 29.19 26.29
DAGL [47] 31.93 29.46 26.51

AGP-Net [60] 31.02 29.59 26.71
GCDN [49] 31.83 29.35 26.38

GAiA-Net [42] 32.09 29.67 26.75
MWCNN [121] 31.88 29.41 26.53
DRUNet [122] 31.91 29.48 26.59
EFF-Net [123] 31.92 29.49 26.61

Table 15. PSNR (dB) of different methods on the Urban100 for different noise levels (i.e., 15, 25,
and 50).

Datasets Urban100

Methods σ = 15 σ = 25 σ = 50

DnCNN [27] 32.64 29.95 26.23
FFDNet [28] 32.40 29.90 26.50
DAGL [47] 33.79 31.39 27.97

AGP-Net [60] 33.89 31.51 28.62
GCDN [49] 33.47 30.95 27.41

GAiA-Net [42] 33.92 31.68 28.70
MWCNN [121] 33.17 30.66 27.42
DRUNet [122] 33.40 31.11 27.96
EFF-Net [123] 33.73 31.45 28.49
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To evaluate the efficacy of distinct grid denoising approaches, we conducted assess-
ments on the SysData (Figure 10), Kinect (Figure 11), and PrintData (Figure 12) datasets.
Table 16 shows the average normal angular errors Ea of each method in SysData; Table 17
shows the average normal angular errors Ea of each method in Kinect; Table 18 shows
the average normal angular errors Ea of each method in PrintData. The findings indicate
that the GCN-D method yields the minimal Ea value and demonstrates the optimal mesh
denoising performance amidst multiple data set evaluations.

Figure 10. Visual comparisons of various methods on the SysData benchmark dataset. Models:
Joint, Sharp-Shpere, Carter, and Gargoyle with the Gaussian noise of level 0.3, 0.3, and 0.3 (mean
edge length).
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Table 16. The average normal angular errors Ea (from left to right) of each method in SysData.

Datasets SysData

Methods Noisy Input LR CNR DNF NFN GCN-D

1st row 28.65 6.52 2.22 4.5 5.02 1.86

2nd row 33.17 12.17 8.03 8.34 8.84 4.39

3rd row 31.78 7.56 8.72 7.98 6.89 5.25

Table 17. The average normal angular errors Ea (from left to right) of each method in Kinect.

Datasets Kinect

Methods Noisy Input BNF GNF CNR NFN GCD-D

1st row 20.8 9.25 7.96 6.93 7.51 6.58

2nd row 17.89 12.99 11.95 11.94 12.15 11.61

Table 18. The average normal angular errors Ea (from left to right) of each method in PrintData.

Datasets PrintData

Methods Noisy Input GNF LR CNR DNF GCN-D

1st row 10.88 12.06 12.27 11.02 10.74 10.54

2nd row 18.08 18.68 17.96 17.23 17.67 17.08

3rd row 16.16 16.96 18.8 15.53 15.96 14.95

4th row 8.08 7.5 7.97 6.11 6.68 5.84

4.2.2. GCNs for Image Super-Resolution

To verify the super-resolution performance of some methods mentioned in Section 3.2,
we conducted some experiments on the Set5, Set14, BSD100, Urban100, and Manga109
datasets in terms of quantitative and qualitative evaluations. We used PSNR and SSIM as
evaluation metrics. The performance of various deep learning methods (such as SRCNN,
VDSR, EDSR, RCAN, NLRN, SRFBN, SAN, RDN, USRNet, HAN, SRGAT, SCET, SwinIR,
and RGCN) and traditional Bicubic interpolation (Bicubic) methods were compared on
different benchmark test sets.

Table 19 shows the performance comparison of different methods under a magnifica-
tion of two. Through data analysis, the following conclusions can be drawn: (1) Compared
with the Bicubic method, the deep learning method has significant performance improve-
ment in all test sets, showing higher PSNR and SSIM values. This means that the deep
learning method can better restore the details and structural information of images when
they require super-resolution reconstruction. (2) Among the tested deep learning models,
RCAN, HAN, SwinIR, and other models have the best performance on most datasets, espe-
cially on Urban100 and Manga109 datasets. The PSNR and SSIM values of these models
are relatively higher, reflecting their better recovery effect when dealing with complex
scenes and rich textured images. Although the design principles and structures of various
deep learning models are different, such as SRCNN, VCSR, ECSR, and RCAN focusing on
residual learning; NLRN using non-local self-similarity; SRFBN using feedback mechanism;
SAN, RDN, and HAN focusing on multi-level feature fusion; SRGAT introducing graph at-
tention mechanism; SCET considering joint optimization in spatial and frequency domains;
SwinIR using Transformer structure; and RGCN using graph convolutional network, these
deep learning methods are generally better than traditional methods. In addition, with
the evolution of technology, the performance of newly proposed models continues to be
optimized and improved.
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Table 19. PSNR/SSIM of different methods on double scale.

Methods Scale
Set5 Set14 BSD100 Urban100 Manga109

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic ×2 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339

SRCNN [124] ×2 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663

VDSR [125] ×2 37.53/0.9590 33.05/0.9130 31.90/0.8960 30.77/0.9140 37.22/0.9750

EDSR [115] ×2 38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351 39.10/0.9773

RCAN [126] ×2 38.27/0.9614 34.11/0.9216 32.41/0.9026 33.34/0.9385 39.43/0.9786

NLRN [26] ×2 38.00/0.9603 33.46/0.9159 32.19/0.8992 31.81/0.9246 -/-

SRFBN [127] ×2 38.11/0.9609 33.82/0.9196 32.29/0.9010 32.62/0.9328 39.08/0.9779

SAN [128] ×2 38.31/0.9620 34.07/0.9213 32.42/0.9028 33.10/0.9370 39.32/0.9792

RDN [129] ×2 38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353 39.18/0.9780

USRNet [130] ×2 37.77/0.9592 33.49/0.9156 32.10/0.8981 31.79/0.9255 38.37/0.9760

HAN [131] ×2 38.27/0.9614 34.16/0.9217 32.41/0.9027 33.35/0.9385 39.46/0.9785

SRGAT [65] ×2 38.20/0.9610 33.93/0.9201 32.34/0.9014 32.90/0.9359 39.30/0.9785

SCET [132] ×2 38.06/0.9615 33.78/0.9198 32.24/0.9006 32.38/0.9299 39.86/0.9821

SwinIR [133] ×2 38.35/0.9620 34.14/0.9215 32.44/0.9030 33.40/0.9393 39.60/0.9792

RGCN [134] ×2 38.30/0.9616 34.10/0.9213 32.44/0.9030 33.15/0.9377 39.38/0.9784

Table 20 shows the performance comparison of different methods under a magnifica-
tion of three. The SwinlR method achieves the best results on multiple datasets, especially
on Urban100 and Manga109 datasets, with PSNR and SSIM values far higher than other
methods, indicating that SwinlR has excellent performance in super-resolution reconstruc-
tion of complex scenes and rich texture images. RCAN, HAN, RGCN, and other methods
also perform well on most datasets. These advanced deep learning models effectively
enhance the extraction and reconstruction ability of image features through residual con-
nection, attention mechanism, graph convolution neural network, and other methods. Of
course, compared with the traditional Bicubic method, all deep learning methods still
achieve significant image super-resolution reconstruction performance under the three-
fold magnification.

Table 21 shows the performance comparison of different methods when the magnifi-
cation speed is four. Figures 13 and 14. show the visual comparison of the Set14 dataset
Urban100 dataset at a fourfold scale, respectively. Similarly, the SwinlR method achieves
the best results on multiple datasets, especially on Urban100 and Manga109 datasets, where
its PSNR and SSIM values are much higher than other methods. RCAN, HAN, RGCN,
SRGAT, and other methods also perform well on most datasets. These advanced deep
learning models effectively enhance the ability to extract and reconstruct image features
through residual connection, attention mechanism, graph convolution neural network, and
other methods.



Mathematics 2024, 12, 2020 28 of 38

Table 20. PSNR/SSIM of different methods on triple scale.

Methods Scale
Set5 Set14 BSD100 Urban100 Manga109

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic ×3 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0.8556

SRCNN [124] ×3 32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117

VDSR [125] ×3 33.67/0.9210 29.78/0.8320 28.83/0.7990 27.14/0.8290 32.01/0.9340

EDSR [115] ×3 34.65/0.9280 30.52/0.8462 29.25/0.8093 28.80/0.8653 34.17/0.9476

RCAN [126] ×3 34.74/0.9299 30.65/0.8482 29.32/0.8111 29.09/0.8702 34.44/0.9499

NLRN [26] ×3 34.27/0.9266 30.16/0.8374 29.06/0.8026 27.93/0.8453 -/-

SRFBN [127] ×3 34.70/0.9292 30.51/0.8461 29.24/0.8084 28.73/0.8641 34.18/0.9481

SAN [128] ×3 34.75/0.9300 30.59/0.8476 29.33/0.8112 28.93/0.8671 34.30/0.9494

RDN [129] ×3 34.71/0.9296 30.57/0.8468 29.26/0.8093 28.80/0.8653 34.13/0.9484

USRNet [130] ×3 34.43/0.9279 30.51/0.8446 29.18/0.8076 28.38/0.8575 34.05/0.9466

HAN [131] ×3 34.75/0.9299 30.67/0.8483 29.32/0.8110 29.10/0.8705 34.48/0.9500

SRGAT [65] ×3 34.75/0.9297 30.63/0.8474 29.29/0.8099 28.90/0.8666 34.42/0.9495

RGCN [134] ×3 34.77/0.9301 30.67/0.8486 29.33/0.8114 28.99/0.8679 34.47/0.9501

SCET [132] ×3 34.53/0.9278 30.43/0.8441 29.17/0.8075 28.38/0.8559 34.29/0.9503

ESRT [135] ×3 34.42/0.9268 30.43/0.8433 29.15/0.8063 28.46/0.8574 33.95/0.9455

LBNet [136] ×3 34.47/0.9277 30.38/0.8417 29.13/0.8061 28.42/0.8559 33.82/0.9460

SwinIR [133] ×3 34.89/0.9312 30.77/0.8503 29.37/0.8124 29.29/0.8744 34.74/0.9518

Figure 13. Visual comparisons on Set14 datasets with ×4 scale.

Figure 14. Visual comparisons on Urban100 dataset with ×4 scale.
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Table 21. PSNR/SSIM of different methods on quadruple scale.

Methods Scale
Set5 Set14 BSD100 Urban100 Manga109

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic ×4 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866

SRCNN [124] ×4 30.48/0.8628 27.50/0.7513 26.90/0.7101 25.52/0.7221 27.58/0.8555

VDSR [125] ×4 31.35/0.8830 28.02/0.7680 27.29/0.0726 25.18/0.7540 28.83/0.8870

EDSR [115] ×4 32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033 31.02/0.9148

RCAN [126] ×4 32.63/0.9002 28.87/0.7889 27.77/0.7436 26.82/0.8087 31.22/0.9173

NLRN [26] ×4 31.92/0.8916 28.36/0.7745 27.48/0.7346 25.79/0.7729 -/-

SRFBN [127] ×4 32.47/0.8983 28.81/0.7868 27.72/0.7409 26.60/0.8015 31.15/0.9160

SAN [128] ×4 32.64/0.9003 28.92/0.7888 27.78/0.7436 26.79/0.8068 31.18/0.9169

RDN [129] ×4 32.47/0.8990 28.81/0.7871 27.72/0.7419 26.61/0.8028 31.00/0.9151

USRNet [130] ×4 32.42/0.8978 28.83/0.7871 27.69/0.7404 26.44/0.7976 31.11/0.9154

HAN [131] ×4 32.64/0.9002 28.90/0.7890 27.80/0.7442 26.85/0.8094 31.42/0.9177

SRGAT [65] ×4 32.57/0.8997 28.86/0.7879 27.77/0.7421 26.76/0.8052 31.41/0.9181

RGCN [134] ×4 32.65/0.9005 28.91/0.7892 27.79/0.7440 26.85/0.8089 31.24/0.9176

SCET [132] ×4 32.27/0.8963 28.72/0.7847 27.67/0.7390 26.33/0.7915 31.10/0.9155

ESRT [135] ×4 32.19/0.8947 28.69/0.7833 27.69/0.7379 26.39/0.7962 30.75/0.9100

LBNet [136] ×4 32.29/0.8960 28.68/0.7832 27.62/0.7382 26.27/0.7906 30.76/0.9111

SwinIR [133] ×4 32.72/0.9021 28.94/0.7914 27.83/0.7459 27.07/0.8164 31.67/0.9226

4.2.3. GCNs for Image Deblurring

To verify the deblurring performance of some methods mentioned in Section 3.3, we
conducted some experiments on the Set5, Set14, BSD100, and Urban100 datasets in terms
of quantitative and qualitative evaluations. We used PSNR and SSIM as evaluation metrics.
The performance of various deep learning methods (such as SRCNN, FSRCNN, VDSR,
RDN, D-DBPN, EDSR, and GCEDSR) were compared on different benchmark test sets. The
detailed data are presented in Table 22.

Table 22. PSNR/SSIM of different methods at double scale, quadruple scale and octuple scale.

Methods Scale
Set5 Set14 Urban100 BSD100

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

SRCNN [124] ×2 36.66/0.9542 32.45/0.9067 29.50/0.8946 31.36/0.8879

FSRCNN [137] ×2 37.05/0.9560 32.66/0.9090 29.88/0.9020 31.53/0.8920

VDSR [125] ×2 37.53/0.9590 33.05/0.9130 30.77/0.9140 31.90/0.8960

RDN [129] ×2 38.24/0.9614 34.01/0.9212 32.89/0.9353 32.34/0.9017

D-DBPN [138] ×2 38.09/0.9600 33.85/0.9190 32.55/0.9324 32.27/0.9000

EDSR [115] ×2 38.11/0.9602 33.92/0.9195 32.93/0.9351 32.32/0.9013

GCEDSR [82] ×2 38.29/0.9615 34.05/0.9213 33.12/0.9386 32.39/0.9023

SRCNN ×4 30.48/0.8628 27.50/0.7513 24.52/0.7221 26.90/0.7101

FSRCNN ×4 30.72/0.8660 27.61/0.7550 24.62/0.7280 26.98/0.7150

VDSR ×4 31.35/0.8830 28.02/0.7680 25.18/0.7540 27.29/0.7260

RDN ×4 32.47/0.8990 28.81/0.7871 26.61/0.8028 27.72/0.7419
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Table 22. Cont.

Methods Scale
Set5 Set14 Urban100 BSD100

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

D-DBPN ×4 32.47/0.8980 28.82/0.7860 26.38/0.7946 27.72/0.7400

EDSR ×4 32.46/0.8968 28.80/0.7876 26.64/0.8033 27.71/0.7420

GCEDSR ×4 32.61/0.9001 28.89/0.7885 26.72/0.8079 27.76/0.7439

SRCNN ×8 25.33/0.6900 23.76/0.5910 21.29/0.5440 24.13/0.5660

FSRCNN ×8 20.13/0.5520 19.75/0.4820 21.32/0.5380 24.21/0.5680

VDSR ×8 25.93/0.7240 24.26/0.6140 21.70/0.5710 24.49/0.5830

D-DBPN ×8 27.21/0.7840 25.13/0.6480 22.73/0.6312 24.88/0.6010

EDSR ×8 26.96/0.7762 24.91/0.6420 22.51/0.6221 24.81/0.5985

GCEDSR ×8 27.39/0.7876 25.18/0.6503 23.14/0.6370 24.92/0.6027

As the magnification increases, the performance of all algorithms shows a downward
trend, because more high-frequency details need to be recovered in the image magnification
process, and the difficulty increases accordingly. The GCEDSR and EDSR methods have
better deblurring performance under different magnification conditions.

5. Potential Research Points and Challenges

The application of GCNs in the field of image restoration is increasingly prevalent.
This paper offers a concise introduction to these techniques to aid readers in understanding
the methodologies involved. In this section, we delve further into the potential domains
where GCNs can be harnessed for image restoration and highlight several unresolved
issues within this context.

5.1. Potential Research Points

Image restoration techniques based on GCNs primarily aim to effectively enhance
the performance and efficiency of image restoration processes and tackle complex image
restoration tasks. Solutions for improving image restoration performance encompass:

1. Network Optimization: To enhance both the efficiency and effectiveness of image
restoration, the structure of GCNs can be optimized. This encompasses designing
deeper or wider network architectures, refining the construction method of graphs
(e.g., considering more intricate relationships between pixels), adopting new ac-
tivation functions, and regularization techniques to bolster learning capacity and
generalization. Additionally, incorporating attention mechanisms enables GCNs to
focus more keenly on critical regions in images, thereby improving restoration quality.

2. Multimodal Fusion: In image restoration tasks, supplementary information can of-
ten be obtained from various modalities (such as infrared images, depth images,
etc.). GCNs can integrate these disparate modalities by constructing a unified graph
representation, allowing the network to consider features from all modalities simul-
taneously. This approach can significantly improve recovery accuracy in specific
scenarios, especially in complex scenes that traditional methods struggle with.

3. Applications in Complex Scenarios: GCNs are particularly adept at handling non-
homogeneous and structured data in images, such as complex backgrounds or occlu-
sions. Under such complex scenarios, adaptive graph structures can be constructed to
better capture and leverage both local and global image information. For instance,
in urban surveillance video restoration, GCNs can assist in recovering finer details
in occluded regions by inferring obscured content based on learned environmental
structural features.

4. Lightweight Network Design: To make GCNs suitable for resource-constrained de-
vices like smartphones or embedded systems, lightweight design is necessary. This
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involves using fewer parameters, devising more efficient graph processing algorithms,
or employing knowledge distillation techniques to simplify large-scale GCN models
into smaller ones. A lightweight GCN not only reduces computational and storage de-
mands but also accelerates the image restoration process, rendering it more practical.

5. Enhanced Feature Extraction Capabilities: While GCNs naturally excel at handling
graph-structured data, effective feature extraction remains crucial in image restoration
tasks. Integrating GCNs with other powerful feature extraction networks (like CNNs)
could be considered to exploit GCNs’ ability to handle complex graph structures
alongside CNNs’ efficiency in processing image data. Such a fusion can lead to further
enhancements in the precision and robustness of image restoration.

6. Unsupervised or Semi-Supervised Learning: In many image restoration tasks, high-
quality labeled data can be challenging to obtain. The development of GCNs can
explore more unsupervised or semi-supervised learning strategies that leverage unla-
beled or partially labeled data, reducing dependence on copious amounts of labeled
data. For example, contrastive learning or self-supervised learning methods can
enable models to learn effective image restoration strategies even without explicit
supervision signals.

7. Cross-domain Image Restoration: GCNs can be employed in cross-domain image
restoration tasks, such as restoring from one type of damage pattern (e.g., water dam-
age) to another (e.g., cracks). Through cross-domain learning and transfer learning,
GCNs can learn knowledge from one domain and apply it to another, which can
dramatically boost model generalizability and practicality.

8. Integration of GCNs with Large Vision Models: The integration of GCNs with large
vision models presents an exciting avenue for future research and development in
the field of image restoration, including super-resolution. This synergy can leverage
the strengths of both GCNs and large vision models to address the complexities of
high-dimensional image data more effectively.

Combining GCNs with large vision models offers significant advantages. Large vision
models, such as Vision Transformers (ViTs) [139], excel at extracting rich, hierarchical
features, while GCNs are adept at capturing both global and local dependencies in graph-
structured data. The integration of these approaches enhances performance in image
super-resolution tasks, enables multi-scale and multi-modal learning, and improves feature
aggregation efficiency through graph-based attention mechanisms. Currently, research
is advancing in hybrid model architectures, transfer learning, and domain adaptation
techniques to optimize the synergy between GCNs and large vision models [140]. However,
future challenges include designing novel graph structures to better represent image data,
improving model scalability and efficiency, and establishing comprehensive benchmarks
and evaluation protocols to measure model performance. Overall, the combination of GCNs
and large vision models holds promise for significant breakthroughs in image restoration
but must overcome complexities and generalization issues in practical applications.

5.2. Challenges

Despite the promising potential of GCNs in the field of image restoration, they face
several challenges during the application process:

1. Construction and Definition of Graph Structure: In GCNs, the structure of the graph
is pivotal to model performance. In the context of image restoration, defining and
constructing an effective graph structure poses a challenge since images are not
inherently graph-structured data. Assigning pixels or image regions as nodes and
determining their edges (connections) requires careful design to ensure that the graph
structure accurately reflects the image content and degradation patterns.

2. Computational Costs for Large-Scale Image Processing: Images often have substantial
sizes, implying that the graph constructed for image restoration might involve a
vast number of nodes and edges. GCNs may encounter computational and storage
efficiency issues when dealing with large-scale graph data. Optimizing algorithms and
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implementations, as well as employing hierarchical or multi-scale graph structures,
are key to enhancing GCN’s performance in large-scale image processing.

3. Limitations in Feature Extraction: Although GCNs can effectively handle graph-
structured data, they may have limitations in directly extracting useful features
from raw image data. Compared to traditional image processing techniques such as
convolutional neural networks, GCNs might be less powerful in processing pixel-level
details and capturing complex texture patterns. Therefore, how to enhance GCN’s
feature extraction capabilities or combine it with other techniques is a significant
research direction.

4. Generalization Ability and Adaptability: The generalization capability of GCN mod-
els is particularly crucial for image restoration, as the types and degrees of image
degradation in practical applications can vary widely. GCN models need to adapt
to different damage conditions and image types, presenting challenges in terms of
model design and diversity of training data.

5. Acquisition and Annotation Issues of Training Data: A substantial number of high-
quality annotated data form the foundation for training effective GCN models. In
the field of image restoration, obtaining ample pairs of degraded and undamaged
images for training purposes can be difficult, especially for certain types of image
degradation (e.g., historical document damages). Hence, how to leverage limited data
or utilize unsupervised and semi-supervised learning methods to improve training
effectiveness is another critical challenge for the development of GCNs.

These challenges outline the directions for the advancement of GCNs in the area of
image restoration and pinpoint the issues researchers can explore and address in the future.

6. Conclusions

In this paper, we comprehensively compared, investigated, and summarized GCN
techniques employed for image restoration. We began by presenting the fundamental
framework of GCN technology applied to image restoration tasks. Subsequently, we pro-
vided an overview of the principal varieties of GCN methods currently utilized, analyzing
their motivations and theoretical underpinnings, including but not limited to GraphSAGE
and GATs. Then, we categorized and systematically summarized existing GCN technolo-
gies from three primary aspects: image denoising, image super-resolution, and image
deblurring. Following this, we engaged in a comparative analysis, evaluating the perfor-
mance, efficiency, and visual quality outcomes of different networks on benchmark datasets
for image restoration purposes. Furthermore, we conducted cross-comparisons among
diverse types of image restoration techniques. Lastly, we identified potential areas ripe for
further investigation and discussed the challenges that GCN technology encounters within
the context of image restoration, outlining avenues for future advancements in this domain.

The introduction of GCNs into image restoration has opened up new directions and
presented novel challenges. Specifically, GCNs are adept at effectively handling pixel
relationships and regional connectivity within images, which proves highly beneficial
for restoring structural details and textural features in images. In the real world, the
images being processed can be highly complex, requiring the simultaneous handling of
noise reduction, deblurring, and other such issues. Moreover, there is a pressing need for
models to be lightened, enhancing their generalization abilities and adaptability so that
they are better suited for operation on mobile devices and edge devices. These are pressing
challenges that researchers and scholars must address.
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