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Abstract: Image Super-Resolution (SR) technology aims to reconstruct High-Resolution (HR) images from Low-Resolution 

(LR) images, holding significant application value in fields such as medical imaging analysis, satellite remote sensing, video 

enhancement, and security surveillance. In recent years, deep learning methods have significantly advanced the development of 

image super-resolution technology due to their powerful feature extraction capabilities. This paper systematically reviews the 

current research status of Single Image Super-Resolution (SISR) technology, focusing on three mainstream deep learning 

frameworks: Convolutional Neural Networks (CNN), Generative Adversarial Networks (GAN), and Transformers, and 

summarizes their latest research progress. Firstly, the paper introduces the fundamental principles of traditional super-resolution 

methods and their limitations in complex scenarios. Secondly, it provides a detailed analysis of the network architectures, 

optimization strategies, and performance advantages of various deep learning-based super-resolution models. Finally, the paper 

discusses the challenges currently faced by deep learning-based super-resolution technology and outlines potential future 

research directions. 

Keywords: Image Super-Resolution; Deep Learning; Convolutional Neural Networks; Generative Adversarial Networks; 

Transformer. 

 

1. Introduction 

Computer vision is a significant research direction in the 

field of deep learning and has garnered extensive attention in 

recent years. Among its various tasks, Single Image Super-

Resolution (SISR), as a fundamental problem in computer 

vision, has become a research hotspot. Image resolution is 

typically measured in Pixels Per Inch (PPI), which denotes 

the number of pixels contained within a unit length. Higher 

resolution implies a denser distribution of pixels, thereby 

providing richer image details and superior visual quality. 

SISR, also referred to as image upscaling, upsampling, or 

interpolation, primarily aims to effectively increase pixel 

density during the process of image enlargement while 

restoring lost high-frequency details as much as possible. For 

numerous practical applications, such as medical imaging, 

remote sensing image analysis, and video enhancement, the 

recovery of high-quality texture details plays a crucial role in 

improving image discernibility and information 

representation. 

Image super-resolution reconstruction is inherently an ill-

posed problem, meaning that for a given low-resolution input, 

there may exist multiple corresponding high-resolution 

solutions. To address this issue, traditional methods often rely 

on introducing reliable prior information to constrain the 

solution space. Based on this approach, researchers have 

proposed various classical super-resolution algorithms, 

primarily including gradient-based prior methods, statistical 

learning-based methods, and sparse representation-based 

methods, among others. 

2. Traditional Image Super-Resolution 
Methods 

Traditional super-resolution methods can be broadly 

categorized into three main classes: interpolation-based 

methods, reconstruction-based methods, and learning-based 

methods. 

Interpolation-based methods (e.g., bilinear interpolation, 

bicubic interpolation, Lanczos interpolation) estimate 

missing pixel values using mathematical interpolation 

functions. While these methods are computationally efficient, 

they often struggle to effectively restore high-frequency 

details 

Reconstruction-based methods (e.g., edge-preserving 

reconstruction, regularization-based optimization) leverage 

prior information about the image to solve the high-resolution 

image through constrained optimization problems. However, 

these methods are computationally expensive and prone to 

artifacts in complex scenes. 

Learning-based methods (e.g., sparse representation, 

dictionary learning) improve reconstruction quality to some 

extent by learning the mapping relationship between LR and 

HR images from large datasets. Nevertheless, their 

performance is still limited by the representational capacity of 

the features. 

In summary, while traditional methods laid the foundation 

for image super-resolution, their reliance on handcrafted 

features and limited representational power constrained their 

effectiveness, particularly in complex scenarios. The advent 

of deep learning has since revolutionized the field by enabling 

data-driven, end-to-end learning of intricate mappings 

between LR and HR images. 
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2.1. Interpolation-Based Methods 

Interpolation-based methods primarily rely on image 

interpolation techniques (also known as image scaling). The 

core idea is to use interpolation functions or kernels to 

estimate unknown pixel values based on known pixel 

information. These methods calculate the intensity values of 

target pixels through weighted computations of known pixels, 

thereby reconstructing high-resolution images in the spatial 

domain. Finally, image restoration techniques are applied to 

optimize the reconstruction results, reducing noise and 

mitigating blurring effects to enhance image clarity and visual 

quality. 

Common interpolation algorithms include nearest-

neighbor interpolation, bilinear interpolation, and bicubic 

interpolation. Nearest-neighbor interpolation assigns the 

grayscale value of the target pixel to that of its closest 

neighboring pixel. While computationally efficient, this 

method may introduce jagged edges. Bilinear interpolation, 

on the other hand, utilizes four adjacent pixels of the target 

pixel to perform linear interpolation in both horizontal and 

vertical directions, thereby improving smoothness to some 

extent. In contrast, bicubic interpolation extends the 

interpolation range further by using 16 neighboring pixels 

around the target pixel for cubic interpolation calculations. 

This approach preserves image details while reducing 

blurring, resulting in higher reconstruction quality. 

Despite the advantages of simplicity and computational 

efficiency, interpolation-based methods exhibit significant 

limitations in super-resolution tasks. Particularly in regions 

with abrupt pixel changes, such as edges and textures, these 

methods struggle to accurately restore high-frequency details, 

often leading to artifacts like jagged edges, blocky effects, and 

blurring, which degrade visual quality. Consequently, the 

super-resolution reconstruction performance of interpolation-

based methods is limited in practical applications, making 

them insufficient for meeting the demands of high-quality 

reconstruction. 

2.2. Reconstruction-Based Methods 

Reconstruction-based methods primarily rely on 

probability theory and set theory. The core idea is to combine 

low-resolution (LR) images with prior knowledge to 

construct an optimization model for recovering high-

resolution (HR) images. These methods first compute local or 

global prior information of the image to establish a mapping 

relationship between LR and HR. Subsequently, data 

constraints are constructed to model the LR image, and 

regularization strategies are employed to enhance image prior 

information. Finally, optimization algorithms are used to 

solve for the HR image. Depending on the approach, 

reconstruction methods can be categorized into frequency-

domain methods and spatial-domain methods. 

In early research,  first proposed the concept of 

frequency-domain-based super-resolution reconstruction, 

which utilizes multiple frames of images in the Fourier 

transform domain to recover additional high-frequency 

information, thereby enhancing image resolution. However, 

this method did not fully account for motion blur, diffusion 

effects, and noise interference in images, making it suitable 

only for ideal noise-free environments and limited in complex 

noise conditions. To improve reconstruction quality, 

subsequent studies proposed various denoising algorithms, 

such as recursive least squares, discrete cosine transform 

(DCT), and wavelet transform, which effectively enhanced 

the visual quality of super-resolution images. 

Spatial-domain methods primarily simulate spatial factors 

affecting image quality, such as optical blur and motion blur, 

to better meet the practical requirements of super-resolution 

(SR) reconstruction. Compared to frequency-domain 

methods, spatial-domain methods can more flexibly handle 

complex imaging degradation processes, enabling higher-

quality image reconstruction across different scenarios. 

Common spatial-domain SR methods include non-uniform 

sampling interpolation, maximum a posteriori (MAP) 

estimation, iterative back-projection (IBP), projection onto 

convex sets (POCS), and hybrid algorithms.  

These methods leverage image prior information to varying 

degrees and employ optimization strategies to reduce noise 

and blurring effects, thereby improving super-resolution 

reconstruction. Among them, MAP methods optimize the LR-

to-HR mapping based on probabilistic models, IBP methods 

iteratively correct errors through back-projection, and POCS 

methods solve for the HR image using constrained 

optimization. With further research, many hybrid methods 

have been developed to combine the strengths of different 

algorithms, enhancing reconstruction accuracy and 

adaptability. 

2.3. Shallow Learning-Based Methods 

Shallow learning-based super-resolution methods 

primarily achieve image reconstruction by learning the 

mapping relationship between low-resolution (LR) and high-

resolution (HR) images. These methods typically utilize 

large-scale training samples to construct a transformation 

model from LR to HR and apply the learned mapping to input 

LR images to predict the corresponding SR images. 

Shallow learning-based super-resolution methods can be 

categorized into several representative approaches, including 

machine learning-based methods, manifold learning-based 

methods, example-based learning methods, and sparse 

coding-based methods. 

These shallow learning-based approaches have laid the 

groundwork for more advanced deep learning techniques, 

which have since revolutionized the field of image super-

resolution by enabling more complex and accurate mappings 

between LR and HR images. 

3. Convolutional Neural Network 
(CNN)-Based Methods  

Convolutional Neural Networks (CNNs) are a type of 

feedforward neural network trained using gradient descent 

algorithms. Their unique local connectivity and weight-

sharing mechanisms endow them with significant advantages 

in image feature learning and representation, making them 

widely applicable in the field of image processing. CNN-

based single-image super-resolution (SISR) reconstruction 

methods leverage the structural characteristics of CNNs to 

maximize the Peak Signal-to-Noise Ratio (PSNR) as the 

optimization objective. These methods aim to enhance the 

detail authenticity and fidelity of reconstructed images, as 

evidenced by significant improvements in objective 

evaluation metrics such as PSNR and Structural Similarity 

Index (SSIM). 

3.1. Shallow Convolutional Neural Network 

Methods 

In 2014, Dong et al.  pioneered the application of deep 
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learning to single-image super-resolution (SISR) tasks by 

proposing the first CNN-based SISR network model, SRCNN 

(Super-Resolution Convolutional Neural Network). 

Compared to traditional super-resolution methods, SRCNN 

achieved significant improvements in both reconstruction 

quality and computational speed. However, due to its pre-

upsampling approach where the input image is upsampled 

using bicubic interpolation before being fed into the network, 

the model faced limitations in computational complexity and 

training convergence speed. Additionally, the relatively 

simple architecture of SRCNN hindered its ability to fully 

leverage contextual information from the image, thereby 

limiting its reconstruction capabilities. 

To address these issues, Dong et al. introduced an improved 

version, FSRCNN (Fast SRCNN), in 2016. While retaining 

the core features of SRCNN, FSRCNN incorporated a post-

upsampling mechanism. The network consists of a feature 

extraction layer, a shrinking layer, a nonlinear mapping layer, 

an expanding layer, and a deconvolution layer. The key 

improvement lies in replacing the pre-upsampling framework 

with a post-upsampling framework, where high-resolution 

reconstruction is achieved through a deconvolution layer at 

the end of the network. This modification reduces 

computational complexity and enhances efficiency. Figure 1 

shows the difference between SRCNN and FSRCNN models. 

 

Figure 1. Comparison of FSRCNN and SRCNN network structure. 

In the same year, Shi et al.  proposed another efficient SR 

network model, ESPCN (Efficient Sub-Pixel Convolutional 

Network). Similar to FSRCNN, ESPCN adopts a post-

upsampling strategy. However, instead of relying on 

deconvolution operations, ESPCN utilizes a sub-pixel 

convolutional layer for upsampling, enabling more efficient 

resolution enhancement. 

 

Figure 2. The Efficient Sub-Pixel Convolutional Neural Network 
(ESPCN). 

Since sub-pixel convolution directly learns the mapping 

from low-resolution to high-resolution images and reduces 

computational redundancy, ESPCN outperforms traditional 

CNN architectures in both speed and performance. This 

approach provided new insights for the design of subsequent 

super-resolution networks. 

3.2. Residual Network-Based Methods 

To enhance the performance of network models and 

improve image feature extraction capabilities, the most 

straightforward approach is to increase the depth or width of 

the network, thereby expanding the number of network 

parameters. However, such simple network expansion can 

easily lead to issues like gradient vanishing, gradient 

explosion, and network degradation. To address these 

challenges, He et al. proposed the Residual Network (ResNet), 

As shown in Figure 3. which introduces shortcut connections 

or skip connections into plain networks, transforming them 

into residual networks. This effectively mitigates gradient and 

degradation problems in deep networks. 

 

Figure 3. The architecture of ResNet50. 

Inspired by the VGG-net deep convolutional neural 

network from the ImageNet classification competition, Kim 

et al.  first applied ResNet to the image super-resolution task 

in 2016, proposing the Very Deep CNN for SR (VDSR) model 

with 20 weight layers, As shown in Figure 4. Considering the 

high similarity of low-frequency information between low-

resolution and high-resolution images, VDSR employs a 

residual learning strategy, focusing on learning the residual 

high-frequency information between the two, thereby 

significantly reducing training time and improving training 

efficiency. In the same year, Mao et al. proposed the Residual 

Encoder-Decoder Network (RED-Net), which is not only 

suitable for image super-resolution but also capable of 

handling other image restoration tasks like image denoising. 

In 2017, Lim et al. optimized SRResNet , proposing the 

Enhanced Deep SR (EDSR) network. The innovation of 

EDSR lies in removing the Batch Normalization (BN) layers 

from SRResNet, further enhancing network performance. 

 

Figure 4. Very Deep Convolutional Networks for image Super 
Resolution (VDSR). 

In 2018, Li et al. proposed a Multi-Scale Residual Network 

(MSRN) that achieves multi-scale super-resolution tasks with 

a single model without relying on any training tricks. MSRN 

combines ResNet with multi-scale convolutional kernels to 

extract local features at different scales and fuses them with 

global features, thereby fully utilizing the feature information 

of low-resolution images to generate high-quality 

reconstructed images. 

In 2021, Lan et al. pointed out that most CNN-based 

network models fail to fully utilize underlying features, 

limiting network performance. To address this, they proposed 

two novel network models: the Cascading Residual Network 

(CRN). As shown in Figure 5, which includes multiple local 

shared groups to promote feature fusion and gradient 

propagation, thereby more efficiently extracting image 

features; and the Enhanced Residual Network (ERN), which 

captures long-range spatial features through a dual global path 
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structure, achieving more powerful feature representation 

capabilities. Through structural optimization, CRN and ERN 

achieve performance comparable to or even superior to EDSR 

with significantly reduced parameter counts. 

 

Figure 5. Architecture of the CRN. 

3.3. Recurrent Neural Network (RNN)-Based 

Methods 

To effectively control the number of parameters in deep 

networks and avoid issues such as overfitting caused by 

increasing network depth, Kim et al. were the first to 

introduce Recurrent Neural Networks (RNNs) into the field 

of image super-resolution. In 2016, they proposed the Deeply-

Recursive Convolutional Network (DRCN), which 

incorporates the idea of residual learning. This network 

includes up to 16 recursive layers and enhances network 

performance without significantly increasing the number of 

parameters by leveraging recursive learning in partial 

convolutional layers. Subsequently, Tai et al.  further 

integrated the advantages of ResNet and RNN, proposing the 

Deep Recursive Residual Network (DRRN). DRRN 

constructs a deep network structure with up to 52 

convolutional layers, combining local and global residual 

learning in a multi-path mode and a multi-weight recursive 

learning mechanism. This approach effectively controls the 

number of parameters while improving model performance 

and enhancing network stability. 

 

Figure 6. (a) The recurrent representation of the proposed DSRN. 
(b) The unrolled DSRN. 

Han et al. pointed out that many deep super-resolution 

network structures can be viewed as finite unfoldings of 

single-state RNNs with different recursive functions. Based 

on this perspective, they proposed the Dual-State Recurrent 

Network (DSRN). As shown in Figure 6, further expanding 

the application of recursive networks in super-resolution tasks. 

In 2019, Li et al. also utilized feedback mechanisms to 

propose the Super-Resolution Feedback Network (SRFBN). 

This network refines high-order information into low-order 

representations step by step and gradually generates the final 

high-resolution image, significantly improving network 

performance while reducing the number of parameters. 

3.4. Lightweight Network-Based Methods 

Lightweight networks aim to enhance computational 

efficiency while maintaining or improving network 

performance by designing compact network architectures or 

introducing lightweight strategies. These networks provide 

crucial support for the practical application of super-

resolution (SR) algorithms. In 2018, Ahn et al. proposed an 

efficient Cascading Residual Network (CARN) and its 

lightweight version, CARN-M (CARN-Mobile), laying the 

foundation for lightweight SR algorithm design. In the same 

year, Hui et al. introduced lightweight strategies such as group 

convolution and information distillation blocks, proposing the 

Information Distillation Network (IDN). As shown in Figure 

7. IDN consists of feature extraction blocks, information 

distillation blocks, and reconstruction blocks, significantly 

reducing network runtime. In 2019, Hui et al. further 

improved the information distillation blocks, designing 

Information Multi-Distillation Blocks and constructing the 

lightweight Information Multi-Distillation Network (IMDN). 

IMDN addresses the SR problem for arbitrary scale factors 

through an adaptive cropping strategy, further enhancing the 

network's practicality. 

 

Figure 7. Architecture of the Deep Information Distillation 
Network. 

In 2020, Liu et al. optimized IMDN by proposing Feature 

Distillation Connections, which operate similarly to channel 

splitting strategies, and constructed the Residual Feature 

Distillation Network (RFDN). RFDN achieves more 

lightweight and flexible SR reconstruction under the 

influence of information distillation mechanisms and won the 

championship in the AIM 2020 Efficient Super-Resolution 

Challenge. In 2021, Wang et al. proposed the Sparse Mask 

Super-Resolution Network (SMSR), which reduces 

redundant computations by studying image sparsity, 

significantly improving the network's inference efficiency. 

4. Generative Adversarial Networks  

The Generative Adversarial Network (GAN), introduced 

by Goodfellow et al. in 2014, presents a novel framework for 

evaluating generative models through an adversarial process. 

This framework comprises two core modules: the Generator 

(G) and the Discriminator (D). The Generator is responsible 

for learning the data distribution and generating new samples, 

while the Discriminator is tasked with distinguishing whether 

input data originates from real training data or the Generator's 

output. Through an adversarial game, the Generator and 

Discriminator are iteratively optimized until the 

Discriminator struggles to differentiate between generated 

and real data, at which point training is considered complete. 

In 2017, Ledig et al. pioneered the application of GANs in 

the realm of image super-resolution, introducing the Super-

Resolution Generative Adversarial Network (SRGAN) model. 

SRGAN consists of a generation network and an adversarial 

network: the generation network reconstructs high-resolution 

(HR) images from low-resolution (LR) images, while the 

discrimination network is responsible for determining 
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whether the input image is a reconstructed HR image or an 

original HR image. Both are continuously optimized through 

iterative training until the discrimination network is unable to 

distinguish between reconstructed and real images. It is 

shown in Figure 8. 

 

Figure 8. Architecture of Generator and Discriminator Network 
with corresponding kernel size (k), number of feature maps (n) and 

stride (s) indicated for each convolutional layer. 

To generate SR images with realistic textures and natural 

visual effects, Sajjadi et al. proposed EnhanceNet, which 

incorporates perceptual loss and automatic texture synthesis 

techniques. The EnhanceNet's generation network employs a 

feedforward fully convolutional neural network for texture 

synthesis. Through the combination of GAN and perceptual 

loss, EnhanceNet achieves the generation of realistic textures 

at high magnification, while the discrimination network 

follows a conventional design. 

Inspired by SRGAN, Wang et al. proposed ESRGAN 

(Enhanced SRGAN) in 2018, which improved SRGAN in 

terms of network architecture and loss functions, further 

enhancing the quality of reconstructed images. Zhang et al. 

pointed out that many perceptual quality metrics, which are 

highly correlated with human subjective evaluations (no-

reference objective evaluation metrics), are often non-

differentiable and cannot be directly used as loss functions to 

optimize network models. To address this, they proposed the 

RankSRGAN model, which consists of a standard SRGAN 

and a Ranker. By introducing a ranking learning mechanism, 

RankSRGAN optimizes perceptual quality. 

5. Transformer-Based Single Image 
Super-Resolution Reconstruction 
Methods  

The Transformer, proposed by Vaswani et al. at Google in 

2017, is a network architecture initially designed for Natural 

Language Processing (NLP) tasks. Originally developed to 

address sequence modeling problems in NLP, the 

Transformer has gradually been introduced into the field of 

computer vision with the successive proposals of models such 

as ViT (Vision Transformer), DETR (Detection Transformer), 

and ViViT (Video Vision Transformer). These models have 

demonstrated superior performance over traditional CNNs, 

Non-Maximum Suppression (NMS), and 3D convolutions in 

various tasks. 

Transformer-based methods primarily leverage the self-

attention mechanism to enhance the representation capability 

of image features. Benefiting from the Transformer's 

powerful modeling capabilities and flexible network structure, 

these methods have achieved superior reconstruction results 

and objective evaluation metrics in image super-resolution 

(SR) tasks compared to traditional CNNs. Currently, 

Transformer-based SR methods are mainly divided into two 

categories: one is a pure Transformer network model based 

entirely on the Transformer architecture; the other is a hybrid 

Transformer network model combining Transformer and 

CNN. 

In 2021, Chen et al. first applied the Transformer 

architecture to the field of computer vision and proposed a 

pre-trained model IPT (Image Processing Transformer) for 

handling multiple low-level vision tasks such as super-

resolution, denoising, and deraining. In the same year, Liang 

et al. proposed a network model SwinIR (Image Restoration 

Using Swin Transformer) for image restoration based on the 

structure of Swin Transformer. As shown in Figure 9.SwinIR 

belongs to the hybrid Transformer model, and its network 

structure consists of three modules: shallow feature extraction, 

deep feature extraction, and image reconstruction. This model 

combines the ability of CNN to process large-scale factor 

images and the advantages of Transformer in modeling long-

distance dependencies, and performs well in image super-

resolution, denoising, and JPEG compression artifact 

reduction tasks. 

 

Figure 9. The architecture of the SwinIR for image restoration. 

In addition, Lu et al. pointed out that Vision Transformer 

has problems such as high computational cost and large GPU 

memory occupation, which limits the depth design of the 

network. To address this, they proposed an efficient 

lightweight network ESRT (Efficient SR Transformer), which 

explores the feasibility of using Transformer for super-

resolution tasks under resource-constrained conditions. As 

shown in Figure 10. 

 

Figure 10. The architecture of the proposed Efficient Super-
Resolution Transformer. LCB, LTB, HPB, and ET stand for the 

Lightweight CNN Backbone, the Lightweight Transformer 
Backbone, high preserving block, and efficient Transformers. 

ESRT optimizes computational efficiency and memory 

usage, providing new ideas for the design of lightweight 

Transformer models. In 2023, Baghel et al. proposed the 

SRTransGAN (Image Super-Resolution using Transformer 

based Generative Adversarial Network) model. This method 

utilizes a Transformer-based generative adversarial network 

for image super-resolution reconstruction. 

6. Conclusion  

This paper systematically reviews the research progress 

and latest achievements in single-image super-resolution 

(SISR) reconstruction technology based on deep learning. 

With the continuous advancement of technology, SISR 
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reconstruction has evolved from traditional methods aimed at 

maximizing Peak Signal-to-Noise Ratio (PSNR) to 

perception-driven deep learning models, and further to 

innovative breakthroughs centered on Transformer 

architectures. This evolutionary process has not only driven 

significant progress in image super-resolution reconstruction 

algorithms but also provided new research directions for the 

optimization and innovation of subsequent network 

architectures, significantly promoting technological 

development in this field. Currently, SISR technology has 

achieved remarkable results at the theoretical research level. 

Future research will gradually shift toward the application 

deployment of algorithms in practical scenarios and their 

transformation into industrial products. 
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