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Abstract

Images are essential for communication, documentation, and artistic expression. How-

ever, during storage and transmission, bit errors may occur due to storage or trans-

mission issues, leading to pixel distortion and affecting overall visual quality. Image

restoration is crucial for applications in photography, medical imaging, and security.

High-quality images enhance the perception of visual content and improve decision-

making processes in various fields. As technology advances, the demand for robust

restoration methods grows, making this research timely and significant. The pri-

mary goal of this thesis is to develop an optimized deep learning framework for image

restoration, focusing on addressing challenges posed by bit errors and low resolution

images. We first explore the challenges associated with restoring images affected by

bitstream damage, highlighting prevalent issues such as loss of detail and the intro-

duction of artifacts. For those type of bit errors, we utilize a three-step Mamba-based

thumbnail-guided network designed to restore damaged images effectively. The pro-

posed network features two parallel branches: one for direct image restoration and

another utilizing thumbnails as auxiliary information to guide the restoration pro-

cess. The methodology demonstrates significant improvements in restoration qual-

ity, showcasing the effectiveness of combining thumbnail data with deep learning

techniques. Second, we address the issue of insufficient image resolution, aiming to

enhance the image size while maintaining clarity and detail upon enlargement. We

propose a graph-based framework to accomplish the single image super resolution

task. The results reveal notable advancements in super-resolution performance, vali-

dating the proposed graph-based network’s effectiveness in overcoming existing chal-

lenges. In summary, this thesis presents a novel dual-branch network to address bit

error issues, along with a graph-based approach to tackle critical challenges related to

low-resolution images, thereby making significant contributions to the field of image

restoration. The findings underscore the potential of advanced deep learning tech-

niques in improving image quality, paving the way for future research and applications

in various domains of image processing technology.
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Chapter 1

Introduction

Image restoration [6, 16, 25, 73, 104, 119] is a critical aspect of image processing, aimed

at recovering an original image from a degraded version. One of the significant chal-

lenges in this field is the impact of bit errors [76, 81], which can arise during image

transmission or storage. In Fig. 1.1, the left side illustrates a bit error, which occurs

during data transmission or storage when certain bits become corrupted. Bit errors,

unlike blur and haze, introduce specific pixel-level distortions due to data corruption

during storage or transmission, resulting in artifacts like color shifts and mosaic ef-

fects. While blur softens edges and reduces detail from motion or focus issues, and

haze creates a washed-out appearance due to atmospheric conditions, bit errors can

render parts of an image unrecognizable, as illustrated in Fig. 1.1 on the right.

Figure 1.1: Bit error in an image.

Understanding these impacts is crucial for developing effective image restoration tech-

niques processes. Restoring images affected by bit errors requires specialized algo-

rithms that can correct these precise inaccuracies, highlighting the need for targeted
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approaches in image processing. Despite advancements in image restoration tech-

niques, several limitations remain. Traditional methods often struggle with complex

degradations, while deep learning approaches [2, 56, 98], although powerful, can be

sensitive to noise and artifacts introduced by bit errors. This gap highlights the need for

more robust restorationmethods that can effectively handle bit errors while improving

image quality. Early restoration techniques relied on linear filters and statistical ap-

proaches. Common methods include: Median Filtering [4, 78]: Effective for removing

salt-and-pepper noise, but can blur edges. Wiener Filtering [21, 29]: Based on statisti-

cal estimation, it adapts to local image variance but is not robust to all types of noise.

Inverse Filtering [64]: Attempts to reverse the degradation process; however, it am-

plifies noise, especially when the degradation model is inaccurate. Deep learning has

revolutionized image restoration but comes with its own set of challenges [12, 107]:

Data Dependency: These methods require vast amounts of high-quality training data,

which may not always be available. Bit Error Sensitivity: Deep learning models can

be sensitive to bit errors, leading to significant degradation in output quality.

Thumbnails provide a way to offer valuable auxiliary information in image restora-

tion, particularly in the context of bit errors. As low-resolution representations of full

images stored in file headers, they can help guide the restoration process by providing

a reference point for color and structural integrity. Besides, they supply contextual

information that can aid in filling gaps left by bit errors, improving the overall recov-

ery of the full-resolution image. To tackle the challenges posed by bitstream damage,

such as detail loss and the emergence of artifacts, we propose a novel approach using

a three-step Mamba-based thumbnail-guided network. This network comprises two

parallel branches: one dedicated to direct image restoration and the other leveraging

thumbnails as auxiliary data to enhance the restoration process.

The first approach hinges on the availability of the pristine reference image, yet such

ground-truth data is not always retrievable in practical scenarios. Specifically, when

decoding processes break down, and only low-resolution thumbnails remain acces-

sible, super-resolution emerges as the sole viable remedy. Furthermore, in cases of

high bitstream error rates where conventional restoration techniques prove ineffec-

tive, thumbnail data becomes the only usable input for subsequent processing. Given
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that thumbnail super-resolution constitutes a foundational task within the broader do-

main of image restoration, our subsequent research focus shifts to this problem, which

forms the core of our second contribution. Super Resolution (SR) [3, 20, 65, 67, 88] has

been a significant topic in the field for many years. Super resolution technology seeks

to enhance the resolution and detail of images, primarily focusing on the generation

of high-resolution (HR) images from low-resolution (LR) inputs. However, the cost

and technological constraints associated with acquiring high-resolution images ren-

der the processing of low-resolution images a critical challenge. Consequently, super

resolution has become a pivotal research area aimed at improving image quality with-

out incurring additional hardware expenses. Among the various approaches to super

resolution, Single Image Super Resolution (SISR) [42, 96] stands out as one of the most

prevalent methodologies. SISR specifically concentrates on leveraging the features

of a single low-resolution image to facilitate high-resolution image reconstruction.

This approach typically employs machine learning and deep learning techniques to ex-

tract salient features from low-resolution images, thereby producing clearer and more

detailed high-resolution outputs. We propose a Heterogeneous Subgraph Network

(HSNet) that integrates multiple subgraphs to enhance single image super resolution

by capturing both local topologies and contextual relationships, achieving notable per-

formance improvements.

1.1 Contributions andThesis Organization

The entire thesis consists of five parts: Introduction, Literature Review, Restoration

of Bitstream-corrupted Images, Single Image Super Resolution and Conclusion and

Future Work, as shown in the Fig.1.2. The content of the following chapters is as

follows.

Chapter 1: Introduction

An overview of the research topic, objectives, and significance.

Chapter 2: Literature Review
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Figure 1.2: Thesis organization.

A review of existing literature related to image restoration methods.

Chapter 3: Restoration of Bitstream-corrupted Images

• Objective: To restore damaged images to closely resemble the original quality as

much as possible.

• Key Contributions:

1. Introduces a Mamba-based thumbnail-guided network, designed to reconstruct cor-

rupted images through a guided, multi-step process.

2. Incorporates Point-to-Point Restoration (PPR) Block to progressively merge infor-

mation from the thumbnail at various depths.

3. Demonstrates superior performance on various image restoration benchmark datasets

compared to existing methods.

Chapter 4: Single Image Super Resolution
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• Objective: To extract and enhance details from low-resolution images, resulting in

clearer and more realistic high-resolution images.

• Key Contributions:

1. Proposes HSNet, which leverages subgraph structure to enhance feature represen-

tation.

2. Enhances the richness and diversity of the feature set by combining information

from multiple subgraphs, which is crucial for effective representation.

3. Achieves cleaner restoration results with fine textures compared to other SISR

restoration algorithms.

Chapter 5: Conclusion and Future Work

Reviews the contributions of the thesis and discusses potential avenues for future re-

search.



Chapter 2

Literature Review

In this chapter, we review in details the previous researches on corrupted JPEG images

restoration and single image super-resolution, systematically analyze their intrinsic

connections, existing limitations, and unaddressed research gaps. This review aims to

justify the necessity of our proposed research by highlighting the urgent need for more

robust and integrated solutions to tackle the challenges of bitstream-corrupted JPEG

image recovery, which cannot be fully resolved by current fragmented techniques.

2.1 Corrupted JPEG Images Restoration

Traditional JPEG image restoration [6, 38, 52] focuses on addressing the artifacts and

quality degradation that arise from lossy compression. The JPEG format employs dis-

crete cosine transform (DCT) to compress images, which can lead to visual distortions

such as blocking artifacts, ringing, and loss of detail. Common causes of JPEG cor-

ruption include transmission errors, storage issues, and repeated editing. Different

types of damage, such as compression artifacts, color distortion, and block effects,

significantly affect visual quality and subsequent processing tasks. Various methods

have been developed to mitigate these effects, including spatial domain techniques,

frequency domain approaches, and hybrid models. Spatial domain methods often in-

volve filtering techniques [37, 72] that aim to smooth out artifacts, while frequency

6
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domain methods [89, 95] attempt to reconstruct lost details by manipulating the DCT

coefficients directly. However, these traditional approaches suffer from a fundamental

trade-off: over-smoothing to eliminate artifacts inevitably erodes fine image details,

especially in highly compressed images where the boundary between artifacts and

valid details is blurred. This limitation makes them incompetent for handling severe

bitstream corruption, which introduces irregular and pixel-level distortions beyond

mere compression artifacts.

Despite advancements, these traditional approaches often struggle with balancing ar-

tifact reduction and detail preservation, particularly in highly compressed images. Re-

cent studies [46, 52, 77, 106] have made notable progress in this field. For instance, U-

Net [27] has gained prominence for its ability to capture multi-scale features through

its encoder-decoder architecture, making it particularly effective in tasks like denois-

ing and artifact removal. Similarly, Transformer-based approaches [13, 46, 103] have

emerged, leveraging self-attentionmechanisms tomodel long-range dependencieswithin

images, which enhances the restoration process by enabling the model to focus on

relevant contextual information. Nevertheless, most of these modern methods are de-

signed for general compression artifact removal or mild noise reduction, rather than

targeted recovery from bitstream corruption. They lack explicit mechanisms to model

the irregular and random nature of bit errors, leading to suboptimal performance when

faced with severe data loss, color shifts, or mosaic effects caused by bitstream damage.

Building on the foundation of traditional restoration techniques, bitstream-corrupted

JPEG image restoration addresses a more specific challenge: the recovery of images

that have been damaged during transmission or storage. This type of restoration is

crucial in scenarios where JPEG images become corrupted due to data loss, noise, or

interference. Notably, this task is inherently linked to single image super-resolution

(SISR), as bitstream corruption often renders high-resolution (HR) images unreadable,

leaving only low-resolution (LR) thumbnails (stored in JPEG file headers) as the sole

available data. In such cases, restoring the corrupted image first requires enhancing

the thumbnail resolution via SISR to obtain a usable reference, forming a sequential

dependency between the two tasks.
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Techniques in this area typically involve analyzing the structure of the JPEG bitstream

to identify and correct errors, often utilizing redundancy in the encoding process. Re-

cent advancements [50] have incorporated machine learning and deep learning meth-

ods to enhance restoration quality, allowing for more effective recovery of both struc-

tural integrity and visual fidelity. These modern techniques outperform traditional

methods by better understanding the underlying patterns in image data, thereby pro-

viding a robust solution to the challenges posed by bitstream corruption. However, a

critical gap remains: existing bitstream restoration methods either rely on the avail-

ability of intact HR image components (which is unavailable in extreme corruption

scenarios) or fail to integrate auxiliary LR information (e.g., thumbnails) to guide the

restoration process. This disconnect leaves a void in handling scenarios where only LR

thumbnails are accessible, highlighting the need for integrated models that combine

bitstream restoration with SISR.

2.2 Single Image Super-resolution

Single image super-resolution (SISR) refers to techniques that enhance the resolution

of images, producing high-resolution outputs from low-resolution inputs. This field

has gained significant attention due to its applications in various domains, including

medical imaging, satellite imagery, and video enhancement.

For bitstream-corrupted JPEG image restoration, SISR is not merely a standalone task

but a prerequisite: when the HR image bitstream is severely damaged, thumbnails

(LR) become the only viable input, and high-quality SISR is essential to generate a reli-

able reference for subsequent restoration. This interdependency underscores the need

for SISR methods that are robust to the artifacts often present in thumbnails derived

from corrupted files. Early methods for super-resolution relied on interpolation tech-

niques, such as bilinear and bicubic interpolation. While these methods are simple and

computationally efficient, they often fail to restore fine details and can introduce ar-

tifacts. Key techniques in this area include: Interpolation Methods: Bilinear, Bicubic.
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Reconstruction-Based Methods: These involve multiple low-resolution images of the

same scene, aligning them to reconstruct a high-resolution image.

Single image super-resolution (SISR) haswitnessed remarkable progress in recent years,

with state-of-the-art methods integrating innovative architectural designs and learn-

ing strategies to further elevate the fidelity of super-resolved images. A large body

of research has focused on refining convolutional neural network (CNN) architectures

[17, 47, 50, 83, 84, 92] for enhanced SISR performance. While CNNs exhibit superior

performance inmodeling local spatial patterns, their inherent limitation of finite recep-

tive fields renders them ineffective at capturing long-range contextual dependencies

in images. To mitigate this drawback, researchers have proposed a suite of improve-

ment strategies, among which dilated convolutions [32, 49, 55, 115] have been widely

adopted to expand the effective kernel size, thereby enlarging the receptive field and

boosting the modeling capacity for long-range information in SISR tasks.

Another prominent paradigm for SISR is the Transformer-based framework [8, 40, 41,

60, 61], which leverages self-attention mechanisms to model long-range dependencies

in a flexible manner. Nevertheless, this strong representational capacity is accompa-

nied by substantial computational overhead, which hinders its practical deployment.

To alleviate this computational burden, researchers have explored content-aware op-

timization strategies [30, 93] that adopt adaptive information extraction schemes for

different levels of image details. For example, several studies [35, 70] have attempted

to enhance inter-window interactions by establishing semantic connections between

non-overlapping local windows via shifted window mechanisms. Despite these opti-

mizations, Transformer-based SISR methods suffer from high sensitivity to artifacts

in low-resolution (LR) inputs (e.g., noise induced by bit errors), which tend to be am-

plified during the super-resolution process and thus degrade the quality of the final

high-resolution (HR) outputs.

To further break the constraints of local window-based modeling, category-aware at-

tention mechanisms have been introduced [110] to establish long-range correlations

between semantically similar structural patterns within images. Even so, the major-

ity of existing models still remain constrained by the inherent limitations of local
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window partitioning. A critical research gap in current SISR research is the lack of

methods that can simultaneously capture flexible local-topological correlations and

global-contextual dependencies, while maintaining robust performance against arti-

facts caused by bitstream corruption. Existing approaches tend to prioritize either lo-

cal detail modeling (CNNs) or long-range dependency capture (Transformers), failing

to achieve an effective integration of both properties; moreover, none of these methods

are explicitly designed to address the irregular artifacts inherent in thumbnail images

derived from corrupted JPEG bitstreams.

In contrast, our proposed method abandons the restrictive local window paradigm and

instead leverages subgraphs to model long-range spatial relationships, which enables

the extraction of flexible and adaptive image representations that integrate both local

and global information.

2.3 Graph Neural Network

In recent years, research has begun to shift focus toward irregular data structures

(e.g., point clouds and social networks), where graph-based methods have been widely

adopted to enable more flexible data modeling and processing. Nevertheless, the di-

rect application of graph models to regular grid-structured data such as images re-

mains a non-trivial challenge that demands targeted solutions. As a universal data

structure, graphs offer a flexible paradigm for visual perception tasks: modeling an

image as a graph facilitates the exploration of complex pixel-wise interdependen-

cies, enables more robust handling of structural irregularities in visual data, and en-

hances the capacity to model intricate spatial patterns within images. For single im-

age super-resolution (SISR), graph neural networks (GNNs) exhibit a unique inherent

advantage: they can effectively model irregular pixel dependencies induced by bit-

stream corruption and capture global structural correlations that conventional CNNs

and Transformer-based methods fail to represent adequately. This renders GNNs a

highly promising framework for addressing the inherent limitations of existing SISR

approaches.
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Graph-based methods have been demonstrated to outperform traditional techniques

in modeling both local and global contextual dependencies for visual tasks [57, 82,

94]. To balance modeling performance and computational efficiency, Han et al. [28]

treat image patches rather than individual pixels as graph nodes, which effectively

reduces model complexity while preserving the ability to capture fine-grained spatial

relationships and patterns. Ren et al. [71] also adopt patch features as graph nodes

and design a Key-Graph Constructor to generate a sparse and representative key graph

by selectively establishing connections between salient nodes. In contrast, Tian et al.

[85] construct image graphs with individual pixels as basic nodes instead of patches.

Despite these advancements, existing GNN-based image processing methods suffer

from two critical limitations that are particularly pronounced in the context of SISR

with bitstream corruption: (1) Full-graph construction strategies are often adopted,

which incurs exorbitant computational overhead; (2)The lack of adaptive mechanisms

for selecting critical nodes and edges leads to either prohibitive computational costs

or incomplete modeling of intrinsic spatial relationships in images.

To address these issues, our proposedmethod leverages the graph construction paradigm

introduced in [117] to construct subgraphs, which significantly reduces the computa-

tional cost associated with full-graph construction. We then generate a robust hetero-

geneous graph from the constructed subgraph set. This heterogeneous subgraph de-

sign effectively mitigates the limitations of existing GNN-based methods through two

key innovations: multi-scale node representations are integrated via a dedicated node

sampling strategy (elaborated in the subsequent section), and computational overhead

is substantially reduced through the modular construction of multiple subgraphs in-

stead of a single full graph.
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2.4 Feature Scanning in Mamba

Unlike conventional CNNs and Transformers, the emergence of Mamba [53, 109] has

unlocked novel research avenues in the field of image restoration. As a hardware-

aware algorithm, Mamba leverages recursive sequential scanning and dynamic adapt-

ability to fully exploit GPU computational capabilities, while effectively mitigating

inherent limitations of traditional convolutional methods—such as restricted recep-

tive fields and inadequate modeling of long-range dependencies. Its sequential feature

scanning mechanism and flexible directionality render it particularly well-suited for

handling images with irregular artifacts, as it can adaptively focus on intact image re-

gions to guide high-fidelity restoration. Furthermore, Mamba’s inherent efficiency ad-

dresses the critical computational bottleneck of Transformer-based approaches, mak-

ing it a promising and viable component for lightweight, high-performance image

restoration models.

Owing to its intrinsic design, Mamba processes image patches in a sequential manner,

supporting diverse scanning directions that substantially enhance image semantic un-

derstanding. In contrast, Vision Transformers [58] rely on multi-head self-attention

mechanisms to model inter-patch relationships, whereas Mamba’s sequential process-

ing paradigm enables flexible exploration of multiple scanning trajectories across im-

age patches. To date, extensive research efforts have been devoted to investigating

novel scanning directions and their combinations, with the core objective of boosting

Mamba’s capability to capture fine-grained textures and global contextual information

for image understanding tasks.

Notably, various selective scan techniques have been proposed under the umbrella of

Selective Scanning Methods (SSM) for image and video processing tasks. A multitude

of recent works [10, 54, 100] have identified and validated several common and effec-

tive scanning patterns, including Z-shaped, diagonal, and S-shaped trajectories. These

diverse scanning strategies not only accelerate the research progress in Mamba-based

models but also contribute to notable performance improvements in image processing

tasks. Additionally, Pei et al. [68] proposed an atrous-based selective scan approach,

which employs efficient skip sampling to simultaneously capture global contextual
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information and fine-grained local features. Inspired by the efficacy of such selective

scanmechanisms, we introduce a Node Sampling Strategy (NSS) in our work, designed

to strategically sample critical nodes that are indispensable for constructing discrimi-

native and efficient graphs in the context of super-resolution.



Chapter 3

Restoration of Bitstream-corrupted

Images

We investigate the real-world JPEG image restoration problem with bit errors on the

compressed bitstream. To mimic the effect of bit errors encountered in real images, we

automatically inject various bit errors to generate damaged images, thereby simulating

the bitstream-corrupted JPEG images in real situations.As illustrated in Fig. 3.1 and Fig.

3.2, the process involves the generation of corrupted JPEG images through encoding

and decoding.

Figure 3.1: Data generation of compressed image data.

Figure 3.2: Process of bitstream corruption in a compressed JPEG image.

14
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The image restoration problem is proposed to recover these images caused by bit errors

that conventional decoders cannot perfectly decode. Typically, when a bit stream con-

taining bit errors is decoded by the robust decoder, the resulting image exhibits two

distinct characteristics: color casts and block shifts. To solve those problems, we pro-

pose a Mamba-based thumbnail-guided network to address the impact of color casts

and block shifts on the image. The proposed framework is structurally divided into

three blocks. Firstly, we use a Feature Aggregation (FA) block to reassemble the in-

formation from the corrupted image and the thumbnail image into a more acceptable

input format for the subsequent networks, allowing for self-adjustment of the input

format. Then, we design a Point-to-Point Restoration (PPR) block as a decoder to parse

the features of inputs and thumbnails to generate coarse images. Finally, with the

guidance of coarse images, a Pyramid Fusion (PF) block is used to generate the refined

images. Extensive experimental results demonstrate our model outperforms state-of-

the-art methods. Ablation studies and comparisons with super-resolution methods

illustrate the effectiveness of our approach.

3.1 Background

The image restoration task aims to recover accurate, precise, and complete original

images from damaged or distorted ones. Restoration tasks can be categorized based

on the type of damage, including image denoising [34], dehazing [43, 69], inpainting

[9, 91], and super-resolution [79], all of which fall under pixel-level image restora-

tion. Those approaches focus on individual pixel values to address quality degradation

caused by noise or blur. In contrast, bit-level image restoration targets the underlying

data (bitstreams), restoring damage from storage or transmission errors, often mani-

fested as distortion, mosaic effects, and color deviations.

Bit-level errors commonly arise from aging data storagemedia, such as hard drives and

memory cards [99], or during image uploads and downloads due to packet loss or noise

[108]. These errors pose significant challenges, particularly in fields like medical image
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analysis [66], where high image quality is critical. Therefore, rectifying bit errors is

essential for maintaining data integrity.

Existing bit-level restorationmethods can be divided into traditional and deep-learning

approaches. Traditional techniques [23, 80] rely on error detection and correction

to recover pixel-level images from corrupted bitstreams. In contrast, deep learning

methods often employ a two-step strategy: first, mapping the erroneous bitstream

to a pixel-level image, then applying advanced restoration techniques. This approach

leverages neural networks’ capabilities to recover high-quality imagesmore effectively

than traditional methods.

We adopt this two-step strategy by first employing a robust decoder [50] to transform

bitstreams with errors into pixel-level images. However, adopting this approach leads

to some adverse effects, including color casts and block shifts. Fig.3.3 shows the impact

of various error rates on the decoded images.

Figure 3.3: Examples of generated images with different levels of bit error rate.

Faced with those issues, Liu et al. [50] utilized a GAN-based method [86] for coarse

restoration. However, this approach is less effective than more advanced methods.

Transformer models, known for capturing long-range dependencies, face challenges

with large image sizes due to computational complexity. In contrast, Mamba em-

ploys a hardware-aware algorithm that enhances training efficiency and effectively
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addresses long-distance dependency issues. Besides, Mamba-based models exhibit en-

hanced training stability, which helps to mitigate issues such as mode collapse that are

often encountered in GANs.

We propose a Mamba-based thumbnail-guided network to fully utilize the thumbnail

information to guide full-resolution restoration. A single neural network may struggle

with effective restoration, given the diverse degradation patterns. Thus, we introduce a

Feature Aggregation (FA) block using a Mamba-based method to reconstruct favorable

inputs for the network. Additionally, we integrate thumbnail information into a U-net-

like Point-to-Point Restoration (PPR) block, leveraging multi-scale feature extraction

to enhance the model’s capability. This fusion of thumbnail features and transformed

input features allows for a comprehensive representation. Unlike standard skip con-

nections in U-Net [5, 19], we employ a mixed block to merge low-level and high-level

features effectively. Finally, a Pyramid Fusion (PF) block generates refined images by

progressively enhancing the thumbnail through multi-scale feature fusion, resulting

in high-quality output.

The main contributions of this paper are as follows:

• Aiming to solve the image restoration problem caused by bit errors, we propose

a three-step Mamba-based thumbnail-guided network, which achieves state-of-

the-art restoration performance by capturing more comprehensive representa-

tions.

• To construct a learnable representation by the network, we incorporate a Feature

Aggregation (FA) block, thereby converting the inputs into transformed inputs

for the subsequent network.

• To fully excavate and utilize the relationship of thumbnails and transformed in-

puts, we propose a Point-to-Point Restoration (PPR) block to generate the coarse

image.

• To integrate the information contained in the coarse image into the generation

process of the final refined image, we use the pyramid fusion (PF) block, which
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employs a coarse-to-fine manner, thereby yielding a notable enhancement in the

fidelity of the ultimate refined image.

3.2 Method

As shown in Fig.3.4, our method consists of three components: the Feature Aggrega-

tion (FA) block, the Point-to-Point Restoration (PPR) block, and the Pyramid Fusion

(PF) block.

Figure 3.4: The architecture of our method consists of three components: Feature
Aggregation (FA) block, Point-to-Point Restoration (PPR) block, and Pyramid Fusion

(PF) block.

Specifically, we first use the encoder-decoder structure to perform coarse-grained im-

age restoration. Next, building upon the thumbnail as the base, the information from

the generated coarse image can be leveraged as auxiliary data to guide the final image

restoration. The fine-grained restoration can be completed by integrating the coarse

image and refining the thumbnail-based reconstruction with greater granularity.

3.2.1 Bit Error Generation in Bitstreams

The corrupted dataset is generated by injecting bit errors into bitstreams. Different

from the previous work proposed by Liu et al. [50], we skip the process of decryp-

tion and encryption. The images that need to be restored can be simplified into the

following formula:
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Y = De(Bitflip(En(x))), (3.1)

where x denotes the original JPEG image, and De and En denote JPEG decoding and

encoding, respectively. Bit flips denote the occurrence of random bit errors in the

encoded data.

3.2.2 Feature Aggregation Block

For effective image reconstruction, it is essential to capture every detail across all chan-

nels. Hence, we propose a feature aggregation (FA) block, aiming to transform inputs

into a learnable representation by the network. As shown in Fig.3.5, FA block consists

of two main components: a feature extraction module based on the Mamba method

and a 1-to-1 mapping block responsible for reconstructing the input.

Figure 3.5: The Feature Aggregation (FA) block uses aMamba-based feature extraction
module and a 1-to-1mapping block to transform inputs into a learnable representation

for image reconstruction.

We concatenate damaged images with their corresponding thumbnails as inputs for

the FA block. Thumbnails are low-resolution images stored in file headers, providing

valuable clues for restoring full-resolution images. We utilize Vision-Mamba [120]

as a robust feature extraction tool and then unfold the extracted features into the

format of [H,W,3]. The core rationale for selecting Vision Mamba as the backbone
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architecture of our framework lies in its favorable computational complexity charac-

teristics. Specifically, Vision Mamba operates with linear time and space complexity

with respect to input image size, whereas Transformer-based models incur substan-

tially higher computational and memory overheads, which become increasingly pro-

hibitive when processing high-resolution visual data. Furthermore, in the context of

low-quality image restoration tasks, Vision Mamba’s proprietary selective state mech-

anism confers unique advantages: it can effectively suppress redundant noise compo-

nents, amplify valid signal features, and mitigate the accumulation of restoration er-

rors during iterative processing. Complementing this mechanism, its adaptive selec-

tive scanning capability enables dynamic allocation of computational resources, direct-

ing model focus toward image-damaged regions and structurally critical components

(e.g., edges, textures, and object contours). This design circumvents a fundamental lim-

itation of Transformer architectures, which adopt a uniform attention mechanism that

treats all pixel positions equally. Such indiscriminate feature processing often leads

to unintended noise amplification and the blurring of fine-grained details, ultimately

compromising the quality of restored images.

Firstly, we divide inputs into patches. For the Vision-Mamba network, the input format

is [N,D], where N represents that the image has been divided into (H/p×W/p) blocks,

D represents a patch that can be represented using D-dimensional features, p is the

width and height of the patch. We specify D to p × p × 3 to ensure the size of the

extracted features matches the reconstructed input in a one-to-one relationship, where

3 corresponds to the RGB channels. The 1-to-1 mapping block converts the extracted

features into the transformed input for the subsequent network, which is a learnable

representation in the shape of [H,W,3].

3.2.3 Point-to-Point Restoration Block

As shown in Fig.3.6, the PPR block has three layers, which process information from

shallow to deep. The function of each layer can be split into three components: feature

extraction, feature fusion, and feature selection.
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Figure 3.6: The Point-to-Point Restoration (PPR) block generates coarse images from
transformed inputs and thumbnails, providing a preliminary rough restoration of the

images.

We extract features from the reconstructed input and thumbnails. Then, we utilize

different convolution operations in each block to capture more detailed information.

The use of diverse convolution operations per layer solves the limitation of single-

type convolutions that can only capture fixed receptive field information. By com-

bining convolution types (e.g., standard, dilated, and depth-wise convolutions), the

network extracts multi-scale details from both inputs, adapting to the varied feature

distributions across shallow, middle, and deep layers. This multi-convolution extrac-

tion, paired with cross-layer additive fusion, ensures that shallow edge/texture details

are preserved as the network deepens, avoiding the over-smoothing of restored im-

ages caused by shallow feature loss. Unlike U-net networks [59], the corresponding

layers are directly added together for the feature fusion part. The fusion module in-

tegrates features from both shallow and deep layers, allowing for the perception of

both high-level and low-level features. As the network deepens, the receptive field

changes, and integrating information at different levels helps preserve features and

prevents the network from losing shallow-level information. The three-layer shallow-

to-deep progression of the PPR block further ensures a hierarchical refinement of fea-

tures, where each stage builds on the previous one to balance structural consistency

and detail richness—making it highly effective for generating the coarse image that

underpins subsequent high-quality restoration.
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3.2.4 Pyramid Fusion Block

Thepyramid fusion (PF) block aims to gradually refine the low-resolution thumbnail by

integrating the high-frequency details from the coarse image at different scales, effec-

tively recovering a high-quality image. Unlike image super-resolution, the restoration

process relies on the guidance of a coarse image recovered from the high-resolution

corrupted input.

Figure 3.7: Pyramid fusion (PF) block.

By leveraging multi-scale feature fusion, the PF block is able to preserve rich details

in the final output image, as illustrated in Fig. 3.7. Specifically, the upsampled thumb-

nail is gradually fused with the multi-scale high-frequency details extracted from the

coarse image. Through this bidirectional approach, the information from thumbnail

and coarse images is fused at different scales.

The PF block is selected for balancing detail preservation and structural consistency via

its multi-scale bidirectional fusionmechanism. First, by decomposing the coarse image

intomulti-scale high-frequency detail maps, it can capture both local fine details (small

scale) and global structural details (large scale), matching the hierarchical feature re-

quirements of the upsampled thumbnail. Second, the gradual fusion strategy avoids

the abrupt feature conflict caused by one-step fusion: the low-resolution thumbnail

is upsampled progressively, and at each stage, it fuses with the corresponding scale

of high-frequency details from the coarse image. This ensures that the supplemented

details are consistent with the current resolution of the thumbnail, achieving precise

detail filling. Third, unlike image super-resolution, which generates high-resolution



3.3. Experiment 23

images from scratch based on low-resolution inputs, the PF block takes the coarse im-

age (recovered from corrupted high-resolution data) as guidance, which provides a

more reliable structural reference for detail restoration and significantly reduces the

risk of generating unrealistic artifacts.

3.2.5 Loss Funciton

We employ contrast loss [90] in this paper. Inspired by the dehazing network, we use

contrastive regularization (CR) to constrain the generated images. The overall loss

function is formulated as:

L = λ1(min∥GT −R∥)+λ2(
n

∑
i=1

wi ·
D(Fi(GT ),Fi(R))
D(Fi(C),Fi(R))

), (3.2)

where λ1 and λ2 are hyper-parameters. This loss has three inputs: refined image (R),

ground truth (GT), and corrupted image (C). Fi, i = 1,2, ..n extracts the ith hidden fea-

tures from the pre-trained model [75]. D(x,y) is the L1 distance between x and y. wi

is the weight coefficient.

3.3 Experiment

3.3.1 Implementation Details

Datasets. We conduct experiments on the Cityscapes [14] dataset. Its image resolu-

tion is 2048 × 1024, and we obtained image resolutions of 512 × 256 through down-

sampling. We generate damaged images through the SCA method in Two-ACIR [50].

We can generate images with different degrees of damage by controlling the bit error

rates. For the thumbnail, we fix its size to 256× 128, which is obtained through bicubic

downsampling by ground truth.
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Training details. We conducted our experiment on an NVIDIA GPU GeForce RTX

4090. We adopt the Adam optimizer with a start learning rate of 0.0001, a batch size

of 5, and the exponential decay rates of β1,β2 = (0.9,0.999). The total epochs are set to

200. The hyper-parameters of the loss function are configured as (λ1,λ2) = (1, 0.1).

Evaluation metrics. Peak signal noise ratio (PSNR) and structural similarity index

(SSIM) are commonly used indicators in restoration tasks to measure the performance

of models. We use them to test the quality of restored images. The indicators can

reflect the restoration ability of the model under different error conditions.

3.3.2 Comparisons of Image Restoration Methods

To assess the performance of our method, we conducted comparative studies against

existing image restoration techniques (ACIR [50], DEA [11], UVM [116]) and super-

resolution methods (SAFMN [79], Seemore [102]). These comparisons were performed

on the Cityscapes dataset with varying bit error rates to evaluate the robustness of our

approach across different levels of image degradation. Our evaluation results highlight

the strengths of the proposed approach.

Table 3.1: Quantitative comparison of image restoration methods on the Cityscapes
dataset with 512 × 256 resolution.

Methods
Error rate

10−4 10−5 10−6

2x Upsampled thumbnail PSNR: 30.49 SSIM: 0.86
UVM scaled [116] PSNR: 25.71 PSNR: 27.95 PSNR: 28.04

SSIM: 0.85 SSIM: 0.94 SSIM: 0.95
DEA [11] PSNR: 30.46 PSNR: 34.91 PSNR: 36.26

SSIM: 0.91 SSIM: 0.97 SSIM: 0.98
ACIR [50] PSNR: 41.65 PSNR: 43.68 PSNR: 43.32

SSIM: 0.98 SSIM: 0.98 SSIM: 0.98
Our PSNR: 41.91 PSNR: 46.15 PSNR: 46.70

SSIM: 0.98 SSIM: 0.99 SSIM: 0.99
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We quantitatively compare our method with different methods in Tab. 3.1. Compared

with ACIR, our method performs better under different errors. Our method outper-

forms baseline methods with an error rate of 10−6, achieving a 3 dB PSNR enhance-

ment in 512 × 256 resolution. In the case of a low error rate, such as 10−6 or 10−5,

our method is more capable of uncovering the relationship between the corrupted im-

age and the thumbnail, thereby leveraging the detailed information contained in the

generated coarse image to complete the image restoration. The similarity in perfor-

mance between ACIR and the proposed approach at the high error rate of 10−4 can

be attributed to the substantial degradation in the quality of the corrupted input data,

which limits the ability to recover detailed information in the final output, irrespective

of the specific method employed.

Due to the limited methods available for this specialized task, we compared the meth-

ods (DEA [11] and UVM scaled [116]) used for the image dehazing task. Because UVM

has a large number of model parameters, which can lead to overfitting during the train-

ing process. We have adopted a reduced version that matches the number of layers in

UVM with the number of layers mentioned in the paper, both being three layers. Due

to the structure of DEA [11] and UVM scaled [116], the inputs for DEA [11] and UVM

scaled [116] are both corrupted images, which limits their performance. Compared

to our method, we introduce an additional information source (the thumbnail), which

helps to improve the robustness and accuracy of the restoration. The experimental re-

sults demonstrate the superiority of our approach. Image dehazing methods that use

only corrupted images as inputs, without leveraging the information from thumbnails,

are far inferior to our approach.

Table 3.2: Quantitative comparison in PSNR of Bicubic, efficient SR networks, and our
method at scale factor 2 on Cityscapes datasets with 512× 256 resolution under an

error rate of 10−4.

Methods scale factor: × 2
Bicubic PSNR: 30.49

SAFMN [79] PSNR: 30.56
Seemore [102] PSNR: 32.20

Ours PSNR: 41.91
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Tab.3.2 reveals that employing thumbnail images as the input for state-of-the-art super-

resolution methods, such as SAFMN [79] and Seemore [102], does not yield as effective

image restoration performance as our proposed approach. We assess the performance

at a bit error rate of 10−4. Specifically, when the super-resolution methods use a scale

factor of × 2, taking 128 × 256 thumbnail inputs to produce 256 × 512 outputs, they

attain PSNR values of only 30.56 dB and 32.20 dB, respectively. In contrast, our pro-

posed method achieves a significantly higher PSNR of 41.98 dB using a thumbnail size

of 512× 256 on the test dataset, outperforming the super-resolution-based approaches

by a considerable margin.

Figure 3.8: Visual comparison of different methods on Cityscapes dataset with 512 ×
256 resolution under an error rate of 10−6.

Figure 3.9: Visual comparison of different methods on Cityscapes dataset with 1024
× 512 resolution under an error rate of 10−4.
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The visual comparison of different methods on the Cityscapes dataset highlights their

performance at various resolutions and error rates. Fig.3.8 presents a comparative

analysis at a resolution of 512× 256 pixels, maintaining an error rate of 10−6. This

figure effectively highlights the capability of each method to preserve critical details

and clarity under minor error conditions, thereby offering insights into their efficacy

in capturing essential features. Fig.3.9 extends this analysis to a higher resolution of

1024×512 pixels, with a more lenient error rate of 10−4. The increased resolution per-

mits a more nuanced examination of the methodologies, allowing for the discernment

of intricate details. The visual results reveal significant variations in fidelity, illustrat-

ing how each approach adapts to elevated resolutions while managing the specified

error constraints. Collectively, these figures underscore the influence of resolution

and error rate on the performance of distinct image processing techniques.

3.3.3 Ablation Study

The effectiveness of each component: we removed several proposed components and

tested their performance on the Cityscapes dataset. We evaluate the performance un-

der a bit error rate of 10−4.

Table 3.3: Ablation Study.

Methods
Error rate

e−4 e−5 e−6

FA PPR PF PSNR SSIM PSNR SSIM PSNR SSIM

! % % 36.55 0.94 38.66 0.96 38.94 0.96

! ! % 40.75 0.98 45.24 0.99 46.60 0.99

! % ! 40.74 0.98 44.62 0.99 45.46 0.99

! ! ! 41.91 0.98 46.15 0.99 46.70 0.99

The FA block serves as a base component responsible for reconstructing the input

form. The results presented in the first row of Table 3.3 demonstrate the effectiveness

of the FA block as a core component of the proposed restoration framework. 1) Point-

to-point restoration (PPR) block: Without the PPR, the restoration performance drops
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by 1.2 PSNR on average compared to the full model. 2) Pyramid fusion (PF) block:

Removing the PF block results in a 1.2 PSNR decrease in restoration quality.

Compared to the FA block, the addition of the PPR block results in an average PSNR

enhancement of 4.2 dB. Furthermore, incorporating the PF block into the FA-based

architecture leads to a 4.2 dB average PSNR increase. Ultimately, the employment

of all three blocks - FA, PPR, and PF - attains an impressive 5.4 dB average PSNR im-

provement, demonstrating the highly effective restoration capabilities of the proposed

framework for bitstream-corrupted JPEG images.

3.4 Summary

This chapter proposes a Mamba-based thumbnail-guided network that uses a three-

step image restoration approach. Firstly, the Feature Aggregation (FA) block is to

reconstruct the input form. Secondly, the Point-to-Point Restoration (PPR) block is

leveraged to generate coarse images. It has a shallow-to-deep structure that can pro-

gressively merge the information from the thumbnail. Finally, the Pyramid Fusion

(PF) block is used to refine the image. The proposed three-step method combines com-

plementary techniques to address the intricate task of image restoration, enabling the

network to produce high-fidelity restored images effectively. Our proposed method

demonstrates significant effectiveness, as evidenced by extensive experimental results

and ablation studies. These findings highlight the potential of our approach to ad-

dress this challenging problem. We believe further exploration of this problem and

our solution holds promising avenues for future research.
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HSNet Framework Introduction

Motivated by the thumbnail-related findings presented in the preceding chapter, this

work aims to conduct an in-depth investigation into the impacts of low-resolution (LR)

degradation on image restoration tasks. Specifically, our research focus is directed to-

ward single image super-resolution (SISR), a fundamental yet challenging task in com-

puter vision. Existing SISR methods based on convolutional neural networks (CNNs)

and attention-based mechanisms are inherently constrained by their rigid architec-

tural designs, which limit their flexibility in modeling complex image dependencies.

In contrast, graph-based approaches, which offer superior flexibility in capturing in-

tricate spatial correlations, are often plagued by prohibitive computational overhead,

hindering their practical applicability and scalability. To address these inherent lim-

itations of existing SISR paradigms, this chapter introduces the Heterogeneous Sub-

graph Network (HSNet), a novel and computationally efficient framework designed

to fully leverage the advantages of graph-based modeling while mitigating its compu-

tational drawbacks. The core insight underlying HSNet is the decomposition of the

computationally expensive global graph construction problem into a series of mod-

ular, manageable sub-tasks. To this end, we first introduce the Construct Subgraph

Set Block (CSSB), a dedicated module engineered to generate a diverse ensemble of

complementary subgraphs. Rather than constructing a single resource-heavy global

graph, the CSSB encapsulates the multi-faceted intrinsic characteristics of visual data

by explicitly modeling distinct relational patterns and feature modalities. In doing so,

29
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it yields a rich set of graph structures spanning both local and global scales, which col-

laboratively encode comprehensive semantic and structural information of the input

image.

Subsequently, we propose the Subgraph Aggregation Block (SAB) to effectively fuse

the discriminative features embedded within each individual subgraph. By dynam-

ically assigning attention weights to different subgraphs and adaptively integrating

information from multiple graph perspectives, the SAB constructs a holistic and ro-

bust feature representation that accurately captures subtle inter-node dependencies

and global structural correlations. Furthermore, to boost model efficiency while pre-

serving the discriminability of learned features, we devise a dedicated Node Sampling

Strategy (NSS) that adaptively selects and extracts the most prominent and informa-

tive node features from the input, thus minimizing computational overhead without

degrading super-resolution performance.

Extensive experimental evaluations are conducted on standard benchmark datasets to

validate the effectiveness and efficiency of the proposed HSNet. Extensive experimen-

tal results validate that our proposed framework attains state-of-the-art (SOTA) per-

formance against contemporary methods, while striking an optimal trade-off between

super-resolution accuracy and computational efficiency.

4.1 Background

For digital image processing, the demand for image upscaling is pervasive across var-

ious practical scenarios. Nevertheless, traditional interpolation-based upscaling algo-

rithms frequently introduce undesirable visual artifacts, such as blurriness and block

effects, which essentially undermine the image fidelity required for high-quality vi-

sual perception. To mitigate these inherent limitations, single image super-resolution

(SISR) [39, 88, 101] has evolved as a pivotal technology, which inherently enhances

image clarity and fine-grained details by reconstructing high-resolution (HR) images

from their corresponding low-resolution (LR) counterparts. As a result, this versatile
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technology has been widely adopted in a diverse range of fields, including but not lim-

ited to medical imaging [24], remote sensing and satellite imagery analysis [74], and

high-reliability video surveillance systems [97].

a) CARN b) RNAN

c) RCAN d) SAN

Residual Non-local Attention Networks for Image Restoration
attention

Super Resolution: Second Order Attention Network with Enhanced Precision

Image Super-Resolution Using Very Deep Residual Channel Attention Networks

e) Ours

Figure 4.1: The compared neural networks with different core architectures. a) CARN
[1]: Convolutional neural network. b) RNAN [114]: Non-local attentive network. c)
RCAN [113]: Channel-wise attentive network. d) SAN [15]: Second-order attention-

based network. e) Ours: Graph-based neural network.

To further enhance the quality of reconstructed high-resolution (HR) images, researchers

have explored a diverse range of advanced learning-based techniques. Among these

approaches, Convolutional Neural Networks (CNNs) [18, 36, 48, 87] andwindow-based

attentionmechanisms [110, 112] have become the two predominant paradigms inmod-

ern super-resolution (SR) methodologies. As depicted in Fig.4.1, CARN [1] serves as

a typical representative of CNN-based SR networks. A key limitation of such CNN-

basedmodels is their inherently restricted focus areas, which inherently deprives them

of the capability to capture extensive global contextual information. In contrast, the

emergence of attention mechanisms is specifically aimed at addressing the intrinsic

limitations of CNNs, as demonstrated by representative SR networks including RNAN

[114], RCAN [113], and SAN [15]. By adaptively and selectively focusing on salient

regions within the input low-resolution (LR) image, these attention-based models are

able to more effectively model long-range spatial dependencies, which constitutes a
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significant advantage over traditional CNN-based approaches. Yet this pivotal advan-

tage is almost invariably coupledwith a considerable surge in computational overhead.

Notwithstanding their distinct merits, both CNN-based and attention-based paradigms

share a fundamental inherent limitation: their information aggregation mechanisms

are bounded to pre-defined local neighborhoods, thus impairing their adaptive capac-

ity in addressing intricate image reconstruction tasks.

To tackle these inherent limitations, we design a novel Heterogeneous Subgraph Net-

work (HSNet), which capitalizes on the structural characteristics of graphs to flexibly

model image features without being constrained by pre-defined local neighborhoods.

A critical bottleneck in applying full-graph construction to image processing tasks

stems from the prohibitive computational overhead incurred by computing pairwise

pixel relationships across the entire image domain. To alleviate this computational

burden while preserving the representational advantages of graph-based modeling,

we propose the Construct Subgraph Set Block (CSSB). Rather than constructing a sin-

gle holistic graph for the entire image, the CSSB is designed to generate a diverse set of

subgraphs. Conceptually, a subgraph refers to a subset of the global graph, compris-

ing a curated set of its vertices and their associated edges. By selectively constructing

and processing these subgraphs, our approach effectively retains the core structural

properties of the global graph—such as topological connectivity and salient semantic

paths—while enabling each subgraph to focus on and extract task-specific localized

information. This strategy not only drastically reduces the computational complexity

of graph construction but also markedly enhances the flexibility of feature extraction

within the HSNet framework. Furthermore, building on the diverse set of subgraphs

generated by the CSSB, we introduce the Subgraph Aggregation Block (SAB) to con-

struct a robust and information-rich global heterogeneous graph representation. The

SAB is specifically designed to distill and fuse the discriminative features embedded

within individual subgraphs, yielding an aggregated graph where each node is en-

dowed with a highly diverse feature representation. This enables the model to develop

a comprehensive understanding of the underlying image data structure and inter-node

relational patterns. By integrating complementary features from distinct subgraphs,

the SAB augments the model’s capacity to capture intricate spatial patterns and subtle
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inter-dependencies, thereby substantially boosting the super-resolution performance

of HSNet. As shown in Fig.4.1, our approach demonstrates a significantly broader

receptive field in feature capture compared to state-of-the-art alternative methods.

Furthermore, to optimize this critical node selection process, we devise a strategic sam-

plingmechanism that concurrently captures fine-grained local details and global struc-

tural features from various complementary views. Specifically, inspired by the mamba

scanning strategy [121], we propose a dedicated Node Sampling Strategy (NSS), which

adaptively selects salient node features that yield the most significant contributions to

the learning process while effectively minimizing feature redundancy. By strategically

discarding less informative node samples, the proposed NSS not only preserves critical

structural and semantic features but also drastically reduces computational overhead;

this in turn enhances the overall efficiency and precision of feature capture, thereby

yielding substantial performance improvements for HSNet on the SISR task. The main

contributions of this work are summarized as follows:

• We propose theHeterogeneous SubgraphNetwork (HSNet), a novel graph-based

architecture that transcends the rigid local neighborhood constraints of CNNs

and Transformer-based models by modeling image features via an ensemble of

complementary subgraphs with rich structural expressiveness.

• We introduce the Construct Subgraph Set Block (CSSB), which generates an en-

semble of complementary subgraphs—each dedicated to modeling distinct fea-

ture relationships—and propose the Node Sampling Strategy (NSS) to capture

the most salient node features while substantially reducing computational over-

head.

• We develop the SubgraphAggregation Block (SAB), which intelligently fuses the

distinct perspectives embedded within each subgraph to construct a holistic and

discriminative feature representation, thereby enabling superior performance in

image reconstruction tasks.

• The proposed HSNet achieves state-of-the-art (SOTA) performance across mul-

tiple standard super-resolution benchmarks. To validate the effectiveness and
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generalizability of our approach, we conduct extensive ablation experiments and

qualitative visualization analyses.

4.2 Our Method

For the effective application of graph structures to regular grid-structured data (e.g.,

images), it is imperative to convert image data into a graph representation, wherein in-

dividual pixels or image regions aremapped to graph nodes, and inter-node relationships—

including spatial adjacency and feature similarity—are encoded as edges. Each node

is equipped with discriminative features that capture task-relevant image information

(e.g., color, texture, or spatial coordinates), thereby enhancing the graph’s capacity to

represent image content accurately. By capitalizing on the intrinsic flexibility of graph

structures, we can explore the underlying relationships among irregularities in the in-

put data, a key advantage that distinguishes graph-based methods from conventional

window-based approaches. Graph structures inherently possess superior flexibility

and can transcend the inherent constraints of fixed window partitioning to capture

long-range contextual information. However, the construction of full-scale graphs

typically incurs prohibitive computational overhead, which restricts their practical de-

ployment in high-resolution image processing tasks. A straightforward yet efficient

solution to this bottleneck is to reduce the number of nodes involved in graph compu-

tation, therebymitigating the associated computational burden. To address this critical

challenge, we propose a subgraph-based Heterogeneous Subgraph Network (HSNet).

In the subsequent sections, we first provide a comprehensive overview of the overall

HSNet architecture. We then elaborate on the Construct Subgraph Set Block (CSSB),

which consists of two core components: the Node Sampling Strategy (NSS) and the

Subgraph Generation Block (SGB). Following this, we detail the design principles and

operational mechanisms of the Subgraph Aggregation Block (SAB), and subsequently

present a detailed exposition of the Graph Aggregation (GA) component embedded

within the SAB.
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Figure 4.2: The architectural framework of HSNet is presented as follows: the Hetero-
geneous Subgraph Block (HSBlock) serves as its core module, which is composed of
two essential submodules, namely the Construct Subgraph Set Block (CSSB) and the
Subgraph Aggregation Block (SAB). In detail, the CSSB incorporates two functional
components: the Node Sampling Strategy (NSS) is dedicated to node sampling and
node set construction, and the generated node set is subsequently transmitted to the
Subgraph Generation Block (SGB) to yield the subgraph set. For the SAB, it is respon-
sible for the generation of heterogeneous graphs, and this module is constituted by

the Graph Aggregation (GA) block and Learnable Parameters (LP).

4.2.1 Model Architecture

The overall architecture of HSNet adheres to the standard pipeline of super-resolution

(SR) tasks and is decomposed into three sequential stages, as illustrated in Fig.4.2.

First, a Shallow Feature Extraction stage—typically implemented via a single convolu-

tional layer—transforms the input image into a low-dimensional feature map, laying

a foundation for subsequent deep feature learning. Next is the Deep Feature Extrac-

tion phase, which is instantiated by our proposed Heterogeneous Subgraph Block (HS-

Block). The final stage is Image Reconstruction, which maps the learned deep features

back to the high-resolution (HR) image space to achieve resolution enhancement. As

the core building block of the proposed HSNet, HSBlock is specifically designed to

handle heterogeneous node and edge types, enabling the seamless integration of di-

verse information sources for comprehensive feature modeling. This block comprises
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two pivotal modules: the Construct Subgraph Set Block (CSSB) and the Subgraph Ag-

gregation Block (SAB). Specifically, the CSSB is tasked with generating a diverse en-

semble of subgraphs by extracting task-relevant information according to adaptive

criteria, which are dynamically determined by the Node Sampling Strategy (NSS) that

employs distinct node selection mechanisms. Subsequently, the Subgraph Generation

Block (SGB) constructs the set of subgraphs based on the sampled nodes and extracted

information. Finally, the SAB aggregates this subgraph ensemble into a unified het-

erogeneous graph (HG), which encapsulates both local topological details and global

contextual dependencies.

4.2.2 Construct Subgraph Set Block

CSSB initiates with the extraction of subgraphs from the large-scale graph via ded-

icated sampling strategies, where we leverage the Neighborhood Sampling Strategy

(NSS) and Subgraph Generation Block (SGB) to construct diverse subgraph instances.

Each subgraph not only encodes distinct graph subspaces but also adaptively selects

target-node-relevant neighboring nodes, enabling efficient contextual information ag-

gregation. By integrating heterogeneous sampling paradigms (i.e., local and global

sampling), our model captures multi-scale structural and semantic information of the

graph: local sampling prioritizes fine-grained relational patterns among proximal nodes,

whereas global sampling excavates the holistic structural characteristics of the entire

graph. This dual-scale sampling mechanism effectively enhances the model’s capacity

to model and interpret complex graph data with intricate topological structures.

4.2.2.1 Node Sampling Strategy

We propose the NSS, a selective sampling paradigm that identifies and preserves the

most discriminative feature representations, thus enabling adaptive and flexible fea-

ture selection. Given a feature map F ∈ RH×W×C, we perform feature selection with a
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stride of 2, which partitions the entire feature space into four disjoint subspaces. Con-

cretely, the spatial dimensions of height (H) and width (W) are each segmented into

four distinct regions, which are formally defined as follows:

F1 =
{

Fi, j,k,l ∈ F | k ≡ 0, l ≡ 0 (mod 2)
}
,

F2 =
{

Fj,i,k,l ∈ F | k ≡ 0, l ≡ 1 (mod 2)
}
,

F3 =
{

Fi, j,k,l ∈ F | k ≡ 1, l ≡ 1 (mod 2)
}
,

F4 =
{

Fj,i,k,l ∈ F | k ≡ 1, l ≡ 1 (mod 2)
}
.

(4.1)

In this equation, F1 denotes the first subset, comprising elements Fi, j,k,l ∈F where i, j ∈

Z (i.e., i and j are integers), and both indices k and l are even, which is mathematically

expressed as k ≡ 0(mod2) and l ≡ 0(mod2). The subset F2 consists of the transposed

elements Fj,i,k,l ∈ F , with k being even and l being odd (denoted by l ≡ 1(mod2)).

For F3, it contains elements Fi, j,k,l ∈ F where k is even and l is odd. Meanwhile, F4

includes the transposed elements Fj,i,k,l in which both k and l are odd, represented as

k ≡ 1(mod2) and l ≡ 1(mod2).

Following processing of the selected features, we yield Fi ∈ RH/p,W/p,C, where p de-

notes the number of subsets. This operation enables four distinct sampling strategies

for F , facilitating the capture of data features from diverse perspectives and thus en-

riching the feature representation. We then recombine these subsets to reconstruct

the feature map Fconcat ∈ RH,W,C, as formulated below:

Fconcat = [F1,F2,F3,F4]. (4.2)

This reconstruction empowers themodel to capture contextual features in a more com-

prehensive manner, thereby enhancing its semantic understanding of the input.

4.2.2.2 Subgraph Generation Block

The SGB’s role is to create subgraphs, as illustrated in the Fig.4.3.
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Figure 4.3: Architecture of the Subgraph Generation Block (SGB). It consists of two
core components: Graph Construction and Feature Aggregation. It first takes as in-
put a node set containing multiple groups of nodes with their respective features. In
the Graph Construction component, nodes are organized into an initial different sub-
graphs based on feature correlation. Then, in the Feature Aggregation component,
node features within each subgraph are fused and computed to generate represen-
tative aggregated features. Finally, a set of structured subgraphs is output as the
subgraph set, providing feature-enhanced basic units for subsequent Subgraph Ag-

gregation Block (SAB).

The SGB instantiates each subgraph through the deliberate selection of target nodes

and associated edges. A growing body of SR literature has further capitalized on the in-

herent self-similarity of images as prior knowledge to enhance reconstruction perfor-

mance. For instance, Zhou et al. [117] presented the cross-scale internal graph neural

network (IGNN), a GNN-based framework designed to capture and model textural fea-

ture correlations across disparate scale levels. This work yields a critical insight from

the aggregation of self-similar cross-scale feature patches: integrating self-similar fea-

ture information across the multi-scale space facilitates a holistic understanding of

image feature distributions and enables effective extraction of deep, hierarchical im-

age features.

Graph Construction. To capture cross-scale feature representations, we first adopt

two distinct sampling schemes to extract feature patches across different scales. Specif-

ically, grid sampling is applied to generate patches at fixed spatial intervals for each

scale, which guarantees uniform spatial coverage of the feature space at every scale

and thus facilitates the capture of fine-grained structural details. We then leverage

the Structural Similarity Index Metric (SSIM) to quantify the similarity between image
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patches; additionally, for each individual patch, we calculate its Euclidean distance to

all other patches and retain only the K edges with the minimum distance values. This

entire process yields a graph G(V,E), where the vertex set V corresponds to all ex-

tracted feature patches and the edge set E denotes the pairwise connections between

these patches. The edge weights are defined as the quantitative similarity measures

between connected nodes, which enables a fine-grained characterization of the inter-

relationships among diverse feature patches. Accordingly, semantically similar feature

patches and their intrinsic connections are modeled as graph nodes and edges, respec-

tively. This graph-based structural modeling not only enables effective aggregation of

correlated feature patches across scales but also preserves the inherent spatial topo-

logical relationships among all graph nodes.

Feature Aggregation. By aggregating semantically similar features across the graph,

we integrate the characteristic information of adjacent nodes, thereby enabling a holis-

tic contextual understanding of the feature space. This aggregation operation is for-

mally formulated as follows:

yi = 1/C(x)∑ f (xi,x j)g(x j), (4.3)

where xi and x j denote the image patches located at positions i and j, respectively.

Here, g(x j) is designed to encapsulate the feature representation of patch x j, whereas

f (xi,x j) serves to compute the aggregation weights assigned to g(x j) during the fea-

ture fusion process. To ensure the reliability and effectiveness of the aggregation

mechanism, we introduce a normalization factor C(x), which is defined as the sum

of aggregation weights over all relevant patches in the image. This normalization step

is of paramount importance, as it ensures that the aggregation weights are properly

scaled and proportional to one another—thereby facilitating the accurate and effective

integration of feature information from semantically similar patches.
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4.2.3 Subgraph Aggregation Block

To address the need for comprehensive feature fusion across heterogeneous subgraph

encodings, we introduce the Subgraph Aggregation Block (SAB), which adaptively

fuses multi-perspective graph information via weighted aggregation to learn holistic

feature representations and explicitly model the intricate inter-dependencies within

the data. Concretely, upon constructing the subgraph set, we instantiate a Graph Ag-

gregation (GA) module built on a multi-head attention mechanism to capture the in-

trinsic structural and semantic correlations across subgraphs and refine their feature

encodings. Each attention head operates independently to learn task-adaptive atten-

tion weights and discriminative feature representations for distinct subgraphs, thereby

enabling the simultaneous modeling of diverse relational patterns and feature modal-

ities. This design inherently boosts the model’s expressive capacity: individual heads

specialize in encoding local fine-grained features (e.g., topological correlations among

adjacent nodes), while others capture global structural features (e.g., the holistic graph

topology and long-range node dependencies). Such hierarchical and multi-modal fea-

ture learning effectively enhances the model’s overall representational power and task

performance.

As illustrated in Fig.4.4, the attention module is devised to thoroughly mine the in-

trinsic interrelations across subgraphs and learn discriminative feature encodings for

them. Realized via parallelized multi-head attention, this module empowers the model

to conduct multi-perspective data analysis. Each attention head independently com-

putes attention weights and derives tailored feature representations, with different

heads specializing in distinct relational facets—for instance, local topological correla-

tions among adjacent nodes or the global structural characteristics of the entire graph.

This inherent diversity enables the capture of a rich spectrum of relational patterns

and feature modalities, thereby substantially boosting the expressive capacity of the

model.
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Figure 4.4: The workflow of the Graph Aggregation (GA) block: It takes a subgraph
set as input, first passes each subgraph’s features through separate linear layers for
dimension mapping and encoding, then employs scaled dot-product attention to com-
pute the correlation weights between subgraphs for adaptive aggregation, and finally
converts the aggregated result into a structured weight tensor Sweight via linear nor-
malization, thereby providing a feature representation that integrates inter-subgraph

correlation information for subsequent heterogeneous graph processing.

4.2.3.1 Graph Aggregation

The input to the module comprises a collection of feature representation sets, which

are typically instantiated as dense feature vectors encoding diverse data attributes (e.g.,

nodal characteristics in graph-structured data). We denote by S(k) the feature vector

set corresponding to the kth subgraph, formulated as:

S(k) = {s(k)1 ,s(k)2 , . . . ,s(k)n }, (4.4)

where n is the number of nodes in the subgraph.

Each input feature set is then projected via linear layers to yield three distinct latent

representations, namely queries (Q), keys (K), and values (V), respectively.

Q(k) =W (k)
Q S(k), K(k) =W (k)

K S(k), V (k) =W (k)
V S(k), (4.5)
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where W (k)
Q , W (k)

K ,W (k)
V are learnable weight matrices. Then, we perform attention op-

erations on different vectors, denoting them as A(k) = Attention(W (k)
Q ,W (k)

K ,W (k)
V ).

The feature representations are refined via attention-weighted aggregation of feature

values, as formulated in the following equation:

S′(k) = A(k)V (k). (4.6)

Weights derived from the subset graph set following GA application are formulated

as:

Sweight = {S′(1),S′(2), . . . ,S′(J)}, (4.7)

where J denotes the total number of subgraphs in the subset.

4.2.3.2 Combination

We further integrate representations of distinct subgraphs in a principled manner via

learnable dynamic parameters, which are iteratively refined according to training feed-

back to endow the model with strong adaptive ability. Guided by these parameters,

the model executes weighted fusion of subgraphs in an importance-aware fashion that

aligns with their inherent relational characteristics, guaranteeing that more critical

relational patterns impose a more pronounced effect on the ultimate feature learn-

ing outcome. This adaptive fusion strategy not only elevates the model’s predictive

performance but also enhances its interpretability by quantifying the contribution of

each subgraph to the final representation. With the above architectural components,

we effectively strengthen the node-wise representational power of the heterogeneous

graph. The outputs from GA are combined using dynamic Learnable Parameter (LP)

αn.

HG = α1S′(1)+α2S′(2)+ . . .+αJS′(J) (4.8)

where J represents the total number of learnable parameters.
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4.3 Experiment

4.3.1 Experimental details

Datasets. To guarantee a fair and rigorous evaluation, we adopt the standard training

framework prevalent in recent super-resolution (SR) research. For the training of our

lightweight SR model, we utilize the DIV2K dataset as the primary training source.

We conduct an extensive performance comparison between our proposed model and

a suite of representative SR baseline methods, with all evaluations performed on the

widely adopted benchmark datasets: Set5 [7], Set14 [105], BSDS100 [62], Urban100

[31], and Manga109 [63].

Training details. For model training, input data is processed as 64× 64 cropped

patches; to enrich the training corpus and improve generalization, we employ stan-

dard data augmentation strategies including random horizontal/vertical flipping and

discrete rotational augmentation at 0◦,90◦,180◦ and 270◦. The model is trained for

a total of 500,000 iterations with the Adam optimizer configured as β1 = 0.9 and

β2 = 0.99, and an initial learning rate of 2−4. A multi-step learning rate decay

schedule is adopted, where the learning rate is halved at the iteration checkpoints of

250,000, 400,000, 450,000 and 475,000. All training is conducted on 4 NVIDIA RTX

4090 GPUs with a per-GPU batch size of 8 (a global batch size of 32), with the input

patch size fixed at 64×64 throughout the training process.

Training Loss. The standard L1 loss between the super-resolution prediction ISR and

the ground truth high-resolution image IHR is utilized for training our models.

Evaluation metrics. We evaluate the performance of our proposed model against a

comprehensive set of lightweight super-resolution (SR) baselines, with detailed com-

parative results presented in Tab. 4.1. The selected baselines cover four representa-

tive categories of lightweight SR methods: (1) patch-graph-based methods, including

IPG-tiny [85] and GMN [22]; (2) CNN-based models, such as CRAN [1], IMDN [33],

LAPAR-A [45], SAFMN [79], and SeemoRe [102]; (3) Transformer-based approaches,

namely SwinIR-light [46], SRFormer-light [118], FIWHN [44], and CATANet [51]; and
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(4) Mamba-framework-based methods, specifically MambaIR-light [26]. All SR models

are evaluated at the common scaling factors of ×2, ×3, and ×4, using two standard

quantitative metrics: Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity In-

dex Measure (SSIM).

4.3.2 Comparisons of Super-resolution Methods

4.3.2.1 Quantitative Comparison

We perform a comprehensive quantitative comparison between our proposed method

and a diverse array of established baselines, with detailed results presented in Tab. 4.1.

Notably, our method demonstrates a consistent and significant performance superior-

ity over all competing models, which attests to its robustness and effectiveness in ad-

dressing super-resolution tasks. Specifically, on the Set14 benchmark at the ×4 scaling

factor, HSNet achieves a PSNR of 28.93 dB—outperforming the current state-of-the-art

(SOTA) by more than 0.03 dB under standard training protocols—while also delivering

a notable improvement in SSIM with a score of 0.7886, representing a 0.0006 gain com-

pared to the previous top-performing model. This measurable performance enhance-

ment validates the efficacy of our proposed approach in boosting both the objective

and perceptual quality of super-resolved images.

As illustrated in Tab. 4.1, our proposed method consistently achieves remarkable PSNR

performance across diverse benchmark datasets. Furthermore, we compare the model

parameters and computational complexity (measured in FLOPs) of state-of-the-art lightweight

SRmodels on the Urban100 (×4) andManga109 (×4) benchmarks. As shown in Tab. 4.2,

ourmethod outperforms previous Transformer-based and graph-based lightweight ap-

proaches by not only reducing the number of model parameters but also lowering the

computational overhead significantly.
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Table 4.1: Performance comparison of HSNet against recent super-resolution (SR)
approaches, with the top and second-top performing results highlighted in red and

blue.

Method Scale Params SET5 SET14 B100 Urban100 Manga109
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

CARN (2018) [1] ×2 1592K 37.76 0.9590 33.52 0.9166 32.09 0.8978 31.92 0.9256 38.36 0.9765
IMDN (2019) [33] ×2 694K 38.00 0.9605 33.63 0.9177 32.19 0.8996 32.17 0.9283 38.88 0.9774

LAPAR-A(2020) [45] ×2 548K 38.01 0.9605 33.62 0.9183 32.19 0.8999 32.10 0.9283 38.67 0.9772
SwinIR-light(2021) [46] ×2 878K 38.14 0.9611 33.86 0.9206 32.31 0.9012 32.76 0.9340 39.12 0.9783
ELAN-light (2022) [111] ×2 582K 38.17 0.9611 33.94 0.9207 32.30 0.9012 32.76 0.9340 39.11 0.9782

SRFormer-light (2023) [118] ×2 853K 38.23 0.9613 33.94 0.9209 32.36 0.9019 32.91 0.9353 39.28 0.9785
SAFMN (2023) [79] ×2 228K 38.00 0.9605 33.54 0.9177 32.16 0.8995 31.84 0.9256 38.71 0.9771

MambaIR-light (2024) [26] ×2 530K 38.15 0.9610 33.84 0.9207 32.31 0.9013 32.86 0.9343 39.35 0.9786
FIWHN (2024) [44] ×2 705K 38.16 0.9613 33.73 0.9194 32.27 0.9007 32.75 0.9337 39.07 0.9782

SeemoRe-T(2024) [102] ×2 220K 38.06 0.9608 33.65 0.9186 32.23 0.9004 32.22 0.9286 39.01 0.9777
IPG-tiny (2024) [85] ×2 872K 38.27 0.9616 34.24 0.9236 32.35 0.9018 33.04 0.9359 39.31 0.9786
CATANet (2025) [51] ×2 477K 38.28 0.9617 33.99 0.9217 32.37 0.9023 33.09 0.9372 39.37 0.9784

GMN(2025) [22] ×2 1110k 38.16 0.9611 33.88 0.9201 32.30 0.9012 32.55 0.9325 39.17 0.9781
HSNet ×2 870K 38.29 0.9620 34.22 0.9241 32.38 0.9031 33.27 0.9391 39.38 0.9802

CARN (2018) [1] ×3 1592K 34.29 0.9255 30.29 0.8407 29.06 0.8034 28.06 0.8493 33.43 0.9427
IMDN (2019) [33] ×3 703K 34.36 0.9270 30.32 0.8417 29.09 0.8046 28.17 0.8519 33.61 0.9445

LAPAR-A(2020) [45] ×3 594K 34.36 0.9267 30.34 0.8421 29.11 0.8054 28.15 0.8523 33.51 0.9441
SwinIR-light(2021) [46] ×3 886K 34.62 0.9289 30.54 0.8463 29.20 0.8082 28.66 0.8624 33.98 0.9478
ELAN-light (2022) [111] ×3 590K 34.64 0.9288 30.55 0.8463 29.21 0.8081 28.69 0.8624 34.00 0.9478
SwinIR-light(2021) [46] ×3 886K 34.62 0.9289 30.54 0.8463 29.20 0.8082 28.66 0.8624 33.98 0.9478

SRFormer-light (2023) [118] ×3 861K 34.67 0.9296 30.57 0.8469 29.26 0.8099 28.81 0.8655 34.19 0.9489
SAFMN (2023) [79] ×3 233K 34.34 0.9267 30.33 0.8418 29.08 0.8048 27.95 0.8474 33.52 0.9437

MambaIR-light (2024) [26] ×3 538K 34.62 0.9286 30.54 0.8459 29.23 0.8083 28.73 0.8635 34.26 0.9482
FIWHN (2024) [44] ×3 713K 34.50 0.9283 30.50 0.8451 29.19 0.8077 28.62 0.8607 33.97 0.9472

SeemoRe-T(2024) [102] ×3 225K 34.46 0.9276 30.44 0.8445 29.15 0.8063 28.27 0.8538 33.92 0.9460
IPG-tiny (2024) [85] ×3 878K 34.64 0.9292 30.61 0.8470 29.26 0.8097 28.93 0.8666 34.30 0.9493
CATANet (2025) [51] ×3 550K 34.75 0.9300 30.67 0.8481 29.28 0.8101 29.04 0.8689 34.40 0.9499

GMN(2025) [22] ×3 1120K 34.60 0.9291 30.37 0.8454 29.23 0.8091 28.56 0.8609 34.14 0.9482
HSNet ×3 875K 34.76 0.9301 30.69 0.8490 29.30 0.8102 29.07 0.8691 34.42 0.9512

CARN (2018) [1] ×4 1592K 32.13 0.8937 28.60 0.7806 27.58 0.7349 26.07 0.7837 30.42 0.9070
IMDN (2019) [33] ×4 715K 32.21 0.8948 28.58 0.7811 27.56 0.7353 26.04 0.7838 30.45 0.9075

LAPAR-A(2020) [45] ×4 659K 32.15 0.8944 28.61 0.7818 27.61 0.7366 26.14 0.7871 30.42 0.9074
SwinIR-light(2021) [46] ×4 897K 32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 0.9151
ELAN-light (2022) [111] ×4 601K 32.43 0.8975 28.78 0.7858 27.69 0.7406 26.54 0.7982 30.92 0.9150
SwinIR-light(2021) [46] ×4 897K 32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 0.9151

SRFormer-light (2023) [118] ×4 873K 32.51 0.8988 28.82 0.7872 27.73 0.7422 26.67 0.8032 31.17 0.9165
SAFMN (2023) [79] ×4 240K 32.18 0.8948 28.60 0.7813 27.58 0.7359 25.97 0.7809 30.43 0.9063

MambaIR-light (2024) [26] ×4 549K 32.41 0.8974 28.76 0.7849 27.70 0.7400 26.53 0.7983 31.05 0.9144
FIWHN (2024) [44] ×4 725K 32.30 0.8967 28.76 0.7849 27.68 0.7400 26.57 0.7989 30.93 0.9131

SeemoRe-T(2024) [102] ×4 232K 32.31 0.8965 28.72 0.7840 27.65 0.7384 26.23 0.7883 30.82 0.9107
IPG-tiny (2024) [85] ×4 887K 32.51 0.8987 28.85 0.7873 27.73 0.7418 26.78 0.8050 31.22 0.9176
CATANet (2025) [51] ×4 535K 32.58 0.8998 28.90 0.7880 27.75 0.7427 26.87 0.8081 31.31 0.9183

GMN(2025) [22] ×4 1134K 32.40 0.8979 28.66 0.7868 27.70 0.7416 26.40 0.7963 30.98 0.9143
HSNet ×4 882K 32.60 0.9012 28.93 0.7886 27.78 0.7437 26.89 0.8089 31.33 0.9181

4.3.2.2 Qualitative Comparison

In Fig.4.5, we showcase a series of visual examples that highlight the performance of

various super-resolution methods.

By effectively aggregating multi-subgraph feature representations, HSNet is capable
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Table 4.2: Comparison of Parameters and FLOPs for lightweight super-resolution
models on Urban100 (×4) and Manga109 (×4) datasets: the optimal results are high-
lighted in bold, the suboptimal ones are marked with ; ’C’ stands for CNN-based

methods, ’T’ for Transformer-based methods, and ’G’ for graph-based methods.

Method Type Scale Param Flops Urban100 Manga109
CARN [1] C ×4 1592K 90.9G 26.07 30.47
IMDN [33] C ×4 715K 40.9G 26.04 30.45

SwinIR-light [46] T ×4 930K 63.6G 26.47 30.92
SRFormer-light [118] T ×4 873K 62.8G 26.67 31.17

IPG-tiny [85] G ×4 887K 61.3G 26.78 31.22
Ours G ×4 882K 60.1G 26.89 31.33

Figure 4.5: Visualized ×4 super-resolution results of different methods on the Ur-
ban100 dataset samples img_92, img_91 and img_49.

of capturing rich multi-scale contextual features in images. As visualized in Fig.4.5,

our model achieves high-fidelity restoration of simple stripe structures for Urban100-

img92, and this multi-scale feature modeling paradigm enables the simultaneous mod-

eling of fine-grained local textures and global structural information, thus realizing

holistic and high-quality image restoration. Moreover, for Urban100-img91with repet-

itive texture patterns, our model also delivers robust and accurate restoration perfor-

mance. In contrast, existing lightweight SR methods exhibit notable limitations in
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recovering complex fine-grained details: taking Urban100-img49 as an example, these

approaches often suffer from the loss of delicate textures and intricate structural de-

tails in their restoration results. This deficiency stems from a key limitation of cur-

rent methods, which tend to over-rely on global feature encoding while neglecting

the preservation and reconstruction of local fine details—an issue that merits further

improvement in future research, such as the integration of advanced local feature ex-

traction and refinement modules to enhance fine-detail modeling capabilities. Overall,

our proposed method demonstrates superior performance in SR tasks, exhibiting an

outstanding ability to restore sharp, clean edge structures and suppress visual artifacts

significantly. This compelling performance gain is largely attributed to the innovative

architectural design of HSNet, which is specifically tailored to capture and reconstruct

intricate texture details with high precision.

4.3.3 Ablation Study

In this section, we conduct extensive ablation studies to comprehensively evaluate the

efficacy of each key component in the proposed HSNet and elucidate its respective

contribution to the overall performance. For the sake of fair and consistent compari-

son, all ablation experiments are performed on the ×4 version of HSNet under identical

training protocols and experimental settings.

Ablation Study on the Subgraph Set Construction Block and Subgraph Aggre-

gationBlock. We investigate the performance impact of theHeterogeneous Subgraph

Block (HSBlock) on the network, with a specific focus on its two core components: the

Subgraph Set Construction Block (CSSB) and Subgraph Aggregation Block (SAB).

Table 4.3: Ablation experiments on the CSSB and SAB; PSNR is computed for the ×4
super-resolution task.

CSSB SAB Se5 Set14 B100 Urban100 Manga109

! % 30.87 26.72 24.98 24.99 30.01
% ! 31.26 27.64 26.83 25.64 30.59
! ! 32.60 28.93 27.78 26.89 31.33
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We quantify the performance of each component by evaluating the PSNRmetric at the

×4 scaling factor across four benchmark datasets (Set14, B100, Urban100, Manga109),

with detailed results presented in Tab. 4.3. Impact of CSSB: Experimental results ver-

ify that the incorporation of CSSB yields consistent and notable PSNR gains across all

evaluated datasets, which corroborates that the CSSB’s capability to adaptively extract

discriminative subgraph features plays a pivotal role in elevating the quality of super-

resolved images. Impact of SAB: When ablated individually, the SAB also brings

about moderate PSNR improvements relative to the baseline model, validating its ef-

fectiveness in adaptive aggregation of multi-subgraph feature information. Neverthe-

less, its performance gain is less pronounced compared with that of the CSSB. Syn-

ergistic Effect of Combined Components: The model integrating both CSSB and

SAB (dubbed HSBlock) achieves consistent and superior performance over either com-

ponent alone across all datasets, which explicitly demonstrates the strong synergistic

effect between the subgraph extraction mechanism and multi-subgraph aggregation

strategy. This performance boost underscores the necessity of a holistic architectural

design that jointly models and fuses diverse multi-scale subgraph information sources

for super-resolution tasks.

Effects of Node Sampling Strategy. We evaluate the impact of the Node Selection

Strategy (NSS) component on the performance of our proposed HSNet. As a core

efficiency-enhancing module, NSS is specially designed to strengthen the network’s

capacity for capturing discriminative salient features while reducing computational

overhead. To rigorously validate its efficacy, we conduct comparative experiments on

HSNet with andwithout the NSS component across four standard benchmark datasets:

Set14, B100, Urban100 and Manga109. The PSNR metrics, computed at the ×4 scaling

factor, are systematically summarized in Tab. 4.4, enabling a quantitative assessment

of NSS’s contribution to both performance and efficiency.

Table 4.4: Ablation experiments on the Node Sampling Strategy (NSS); PSNR is com-
puted for the ×4 super-resolution task.

Method Se5 Set14 B100 Urban100 Manga109
wo NSS 32.42 28.71 27.61 26.72 31.24
w NSS 32.60 28.93 27.78 26.89 31.33
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The experimental results demonstrate that integrating the Node Sampling Strategy

(NSS) yields consistent and significant PSNR improvements across all evaluated bench-

mark datasets. For instance, on the Set14 dataset, the PSNR value increases by 0.22

dB—rising from 28.71 dB in the HSNet variant without NSS to 28.93 dB in the model

equipped with NSS.These measurable performance gains corroborate that NSS plays a

pivotal role in enhancing the network’s capability for discriminative feature extraction

and effective feature representation, which in turn contributes to substantial improve-

ments in the objective quality of super-resolved image restoration.

Effects of Subgraph Generation Block. We investigate the impact of the Subgraph

Generation Block (SGB) on the performance of our proposed HSNet architecture. To

rigorously assess the efficacy of the SGB component, we conduct comparative experi-

ments between HSNet variants with and without the SGB, evaluated across a suite of

standard benchmark datasets.

Table 4.5: We perform an ablation study on the Subgraph Generation Block (SGB),
where PSNR is evaluated with a ×4 upscaling factor.

Method Se5 Set14 B100 Urban100 Manga109
wo SGB 31.74 27.23 26.32 25.64 30.81
w SGB 32.60 28.93 27.78 26.89 31.33

As presented in Tab. 4.5, the experimental results clearly demonstrate that integrating

the Subgraph Generation Block (SGB) yields substantial and consistent PSNR improve-

ments across all evaluated benchmark datasets. For instance, on the Set14 dataset, the

PSNR metric increases by 1.70 dB—rising from 27.23 dB in the HSNet variant without

SGB to 28.93 dB in the model incorporating SGB. This ablation study underscores the

pivotal role of the SGB component in enhancing the overall performance of HSNet,

confirming its critical contribution to advancing the model’s capability in handling

super-resolution tasks.

Effects of Graph Aggregation block. We investigate the impact of diverse graph

aggregation techniques on the performance of our proposed HSNet, with a specific fo-

cus on their efficacy in fusing multi-subgraph feature representations. To this end, we
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conduct comparative experiments across three distinct aggregation operations com-

monly adopted in graph-based learning: additive aggregation (add), concatenation-

based aggregation (concat), and a custom-designed aggregation strategy (denoted as

“aggregation” for brevity).

Table 4.6: Ablation experiments on the Graph Aggregation (GA) block; PSNR is com-
puted for the ×4 super-resolution task.

Method Se5 Set14 B100 Urban100 Manga109
add 31.23 27.81 26.59 25.71 30.81

concat 32.03 28.28 27.14 26.20 30.72
aggregation 32.60 28.93 27.78 26.89 31.33

As presented in Tab. 4.6, the experimental results clearly demonstrate that our pro-

posed graph aggregation (GA) method outperforms both additive (add) and concate-

nation (concat) aggregation techniques consistently across all benchmark datasets.

Quantitatively, the GAmethod achieves PSNR values ranging from 26.89 dB to 32.60 dB

across the evaluated datasets, whereas the additive aggregation method yields PSNR

scores in the range of 25.71 dB to 31.23 dB, and the concatenation approach achieves

PSNR values between 26.30 dB and 32.03 dB. Collectively, these results confirm that

the GA technique delivers measurable performance gains over the other two aggre-

gation strategies. This ablation study underscores the critical importance of selecting

an optimal graph aggregation mechanism for HSNet, with the proposed GA operation

exhibiting superior capability in effectively fusing multi-subgraph feature representa-

tions to enhance super-resolution performance.

4.4 Summary

We present HSNet, a novel Heterogeneous Subgraph Network that amalgamates com-

plementary feature information across multiple subgraphs, enabling concurrent cap-

ture of fine-grained local topological details and global contextual relationships in im-

ages. At the core of HSNet resides the Heterogeneous Subgraph Block (HSBlock),

which encompasses two pivotal components: the Subgraph Set Construction Block

(CSSB), which elicits diverse discriminative subgraph views from the input feature



4.4. Summary 51

space, and the Subgraph Aggregation Block (SAB), which adaptively aggregates these

multi-subgraph views to yield enhanced, holistic feature representations. To strike

an optimal balance between the model’s representational capacity and inference effi-

ciency, we further introduce a Node Sampling Strategy (NSS) that strategically prunes

non-essential sampling nodes while retaining all salient structural and texture in-

formation. Finally, a dedicated Graph Aggregation (GA) block refines and fuses the

enhanced multi-subgraph features, culminating in substantial performance gains for

super-resolution tasks. For future research directions, advancing node sampling tech-

niques holds great potential to further improve salient feature retention while reduc-

ing computational complexity. In particular, exploring adaptive sampling methods

that dynamically adjust the sampling strategy based on the inherent features of graph

structures (e.g., node density, topological complexity) could yield notable performance

and efficiency gains for graph-based super-resolution models.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

This thesis investigates the application ofMamba and graph networks for image restora-

tion tasks. It highlights the strengths of these methods in modeling complex mappings

from degraded images to clean outputs while addressing persistent challenges in the

field.

The proposed employs a three-step image restoration approach that significantly en-

hances the restoration process. First, the Feature Aggregation (FA) Block integrates

initial features to establish a robust foundation for reconstructing the input form.

Following this, the Point-to-Point Restoration (PPR) Block utilizes a shallow-to-deep

structure to progressively merge information from the thumbnail, generating coarse

images that improve restoration quality. Finally, the Pyramid Fusion (PF) Block refines

the image, leveraging complementary techniques to deliver high-fidelity results. This

innovative three-step method not only combines these complementary techniques

to tackle the complexities of image restoration but also demonstrates its effective-

ness through extensive experimental results and ablation studies, paving the way for

promising future research in this challenging domain.

The Heterogeneous Subgraph Network (HSNet) is designed to effectively integrate in-

formation across diverse subgraphs, enhancing the overall feature representation. At

52
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its core, the HSNet features the Heterogeneous Sub- graph Block (HSBlock), which

aims to generate complementary graph structures. The HSBlock consists of two main

components: the Construct Subgraph Set Block (CSSB), responsible for producing a

set of subgraphs, and the Subgraph Aggregation Block (SAB), which integrates these

subgraphs to create richer feature representations. This architecture allows HSNet

to capture multiple features, ensuring a comprehensive understanding of both local

topological details and global contextual relationships. The collaborative operation of

its components significantly improves performance, paving the way for future explo-

ration in complex data structures.

5.2 Future Work

The proposed methods in this thesis significantly enhance the performance of image

restoration. Future work can expand upon these advancements from several key per-

spectives:

1. A Generative Compensation Framework for Thumbnail-Driven Processing Under

Corrupted or Missing Thumbnail Conditions

Problem: A key limitation of the proposed thumbnail-guided framework stems from

the absence of standardized specifications for thumbnails in the JPEG standard, where

no unified criteria are defined for thumbnail quality, spatial resolution, or evenmanda-

tory inclusion. Consequently, the performance of our method is prone to significant

degradation when confronted with extremely low-quality, heavily compressed thumb-

nails or in scenarios where thumbnails are entirely unavailable.

Opportunity: State-of-the-art generative models exhibit substantial potential to re-

construct useful semantic or structural information from corrupted, incomplete, or

low-fidelity image data.

Focus: Leveraging the powerful content generation and restoration capabilities of gen-

erative models (e.g., diffusion models, GANs), we can potentially compensate for the
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absence or defects of thumbnails, thereby enhancing the robustness and applicability

of the thumbnail-guided framework in practical scenarios.

2. Effective Network for Severe Bit Error Images

Figure 5.1: Under an error rate of 10−3, robust decoder can not decode all pixel.

Problem: We observed that as the bit error rate increases, as shown in Fig.5.1, the im-

ages exhibit significant mosaic artifacts, severely obscuring or damaging the content.

In this scenario, the spatial relationships between pixels and the RGB information are

compromised, making it ineffective to use Anet for image restoration.

Opportunity: The thumbnail information remains intact during transmission, allowing

us to leverage it directly for image reconstruction, achieving a super-resolution effect.

Focus: Further investigation is needed to extend our Mamba-based Network for dif-

ferent degrees of damage restoration.

3. Efficient SISR Network for High-resolution Images

Current Approach: Processing high-resolution images typically involves dividing them

into smaller patches, which are restored individually and then stitched together. This

patch-based method often ignores inter-patch dependencies, leading to suboptimal re-

sults.

Opportunity: TheHSNet’s ability to efficientlymodel long-range dependencies presents

a promising avenue for directly addressing the challenges associated with 4K image

restoration. The resolution of 4K is shown in Fig.5.2.

Focus: Further investigation is needed to extend HSNet for seamless 4K restoration,

ensuring that interdependencies between patches are effectively utilized.
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Figure 5.2: Standard Definition (SD): This is the lowest resolution, typically around
720x480 pixels. High Definition (HD): HD encompasses both 720p and 1080p reso-
lutions, with 1080p also referred to as Full HD. Ultra High Definition (4K/UHD): 4K
offers a resolution of 3840x2160 pixels, providing four times the pixel count of Full

HD.

The proposed future research directions aim to build on the foundation established

in this thesis, addressing practical challenges and further enhancing the capabilities

of image restoration methods. Each direction offers valuable opportunities for explo-

ration and innovation, contributing to advancements in the field.
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