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Abstract—This paper provides an in-depth review of recent advancements in image super-resolution (SR) techniques using deep learning, with a 

specific focus on their applications in medical imaging. In the medical field, highresolution images are crucial for accurate diagnosis and treatment 

planning. However, due to hardware limitations, it is often challenging to obtain high-resolution (HR) medical images. Traditional image 

enhancement techniques are not always sufficient to recover fine details. Deep learning -based methods, particularly those leveraging 

convolutional neural networks (CNNs), generative adversarial networks (GANs), and transformer-based models, have shown remarkable success 

in overcoming these challenges. The review explores the evolution of these techniques, their advantages, and the challenges involved in medical 

image super-resolution. The paper also highlights the future directions of research to improve SR for medical imaging, addressing concerns 

related to image quality, data availability, and computational efficiency.   
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I  INTRODUCTION  

Image super-resolution (SR) refers to the process of generating high-resolution (HR) images from low-resolution (LR) inputs. In medical imaging, the 

resolution of images is vital for accurate diagnosis, treatment planning, and medical research. With the increasing reliance on imaging modalities such as 

Magnetic Resonance Imaging (MRI), Computed Tomography (CT), Positron Emission Tomography (PET), and Ultrasound, there is a persistent demand 

for high-resolution (HR) images that provide high quality details. However, acquiring HR medical images is often a compromise between several 

constraints, including hardware limitations, long acquisition times, high radiation doses, patient discomfort, and financial costs [1]. In this context, Image 

Super-Resolution (SR)—the computational reconstruction of HR images from their lowresolution (LR) versions—has emerged as a transformative 

technique in medical imaging. Super-resolution, historically rooted in signal and image processing, began with conventional interpolation-based methods 

such as nearest-neighbor, bilinear, and bicubic interpolation [2]. Although these methods are computationally efficient and easy to implement, they rely 

on fixed mathematical models and lack the ability to adaptively learn image priors, often resulting in overly  smooth outputs and loss of high-frequency 

structural information. In medical contexts, where even minor visual cues can indicate critical conditions, such limitations significantly reduce the clinical 

utility of interpolated images. Recognizing these challenges, the research community has shifted towards learning-based SR methods, particularly with the 

advent of deep learning. Pioneering work by Dong et al. introduced the SuperResolution Convolutional Neural Network (SRCNN), marking the transition 

from handcrafted features to data-driven approaches [3]. Unlike interpolation, CNNs learn hierarchical features from data, capturing complex structures 

such as edges, textures, and anatomical boundaries with improved fidelity. The evolution of these models has led to deeper and more    efficient 

architectures, such as Very Deep Super-Resolution (VDSR), Enhanced Deep Super-Resolution Network (EDSR), and Residual Dense Networks (RDN), 

which have demonstrated stateof-the-art performance on both natural and medical images [4][5].  

However, while CNNs are   

  

  

effective in recovering fine image details, they often optimize for pixel-wise similarity metrics like Mean Squared Error (MSE) or Peak Signal-to-Noise 

Ratio (PSNR), which do not always correlate well with human perception or clinical relevance. To address this gap, Generative Adversarial Networks 

(GANs) have been leveraged to generate perceptually superior images. Introduced in the SR domain through SRGAN, these models consist of a 

generatordiscriminator pair where the generator attempts to create realistic HR images while the discriminator distinguishes them from ground truth [6]. 

Though GANs improve visual quality by producing sharper textures, they can also hallucinate details, which poses concerns in critical medical applications 

where accuracy must not be compromised. Recently, transformer-based models, which excel in capturing long-range dependencies, have gained traction 

in SR. Vision Transformers (ViTs) and hybrid architectures integrate selfattention mechanisms that allow the model to consider contextual relationships 

across distant regions of the image. This ability is particularly advantageous in medical imaging, where local lesions may correlate with global anatomical 
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context [7]. These models, although computationally intensive, have begun to outperform CNNs in various vision tasks and are now being exp lored in 

tasks like brain MRI reconstruction, histopathological image enhancement, and retinal image analysis. Beyond architectural innovations, domain-specific 

adaptations such as modality-aware SR, multi-contrast learning, and physics-informed models are being investigated to further align SR outputs with 

clinical needs. For instance, multi-modal SR approaches use auxiliary imaging data (e.g., T1-weighted MRI to enhance T2 images) to improve 

reconstruction fidelity, while unsupervised and self-supervised models address the scarcity of high-quality paired datasets [8]. Despite impressive 

advancements, several challenges persist. Issues like model generalizability across different scanners and patient populations, interpretability of the 

generated images, potential propagation of artifacts, and the ethical and legal implications of altering medical data remain underexplored. Moreover, there 

is an urgent need for clinically validated benchmarks and explainable models to facilitate the integration of SR systems into routine medical workflows. 

In this review, we comprehensively examine the landscape of image super-resolution in medical imaging, tracing its evolution from classical methods to 

cutting-edge deep learning architectures. We categorize the approaches based on learning paradigms, application domains, and evaluation metrics.  

Furthermore, we discuss open research problems and outline future directions with an emphasis on clinical translation, interpretability, and regulatory  

compliance.  

  

  

II RELATED WORK  

Over the past decade, image super-resolution (SR) has evolved from classical signal processing techniques to sophisticated deep learning models capable 

of reconstructing high-resolution (HR) images with remarkable detail. In the medical imaging domain, the application of deep learning to SR has become 

increasingly important due to the critical need for high-fidelity images that aid in early diagnosis, surgical planning, and treatment monitoring. This section 

reviews the key contributions and trends in the field, categorized by model architectures, learning paradigms, and clinical applications.  

  

1. Early Deep Learning Models in SR for Medical Imaging  

The introduction of the Super-Resolution Convolutional Neural Network (SRCNN) by Dong et al. [9] marked a foundational shift toward learning-based 

SR methods. Though initially developed for natural images, SRCNN was soon adopted in medical imaging to enhance low-dose CT scans and low-field 

MRIs. For example, Bahrami et al. [10] applied SRCNN to diffusion MRI, showing significant improvements in resolution without requiring additional 

acquisitions.  

  

However, due to its shallow architecture, SRCNN struggled with complex anatomical textures. which employed 20 convolutional layers with residual 

learning to improve convergence and feature learning. These models demonstrated superior performance in MRI and CT upsampling tasks, particularly 

for brain and abdominal imaging [11].  

  

2. Residual and Dense Architectures  

To improve training stability and better capture multi-scale features, researchers introduced residual and dense networks. The Enhanced Deep Residual 

Network (EDSR) [12] removed unnecessary batch normalization layers from ResNet blocks to boost performance. EDSR was adapted in medical imaging 

for enhancing retinal fundus images, where it successfully restored vascular structures vital for diabetic retinopathy screening [13].  

  

Further improvements were made through Residual Dense Networks (RDN) [14], which integrated both local and global feature fusion mechanisms. In 

3D medical SR tasks, such as volumetric MRI reconstruction, these architectures significantly outperformed classical interpolation and shallow learning 

models, especially in preserving fine-grained anatomical boundaries [15].  

  

3. Generative Adversarial Networks (GANs) for Realistic Medical SR  

While CNNs improved reconstruction accuracy, they often produced overly smooth images due to pixel-wise loss functions. Generative Adversarial 

Networks (GANs) introduced a new paradigm by generating perceptually realistic outputs. Ledig et al.'s SRGAN [16] initiated this trend, combining 

adversarial and perceptual losses to generate sharper images.  

  

In medical imaging, GAN-based SR has been explored in numerous domains. For instance, You et al. proposed GANCIRCLE for CT enhancement, 

incorporating identity and cycleconsistency constraints to ensure structural fidelity [17]. Similarly, Darestani et al. [18] applied GANs to multi-sequence 

MRI SR, ensuring consistency across T1 and T2 modalities. Despite their effectiveness, GANs raise concerns in clinical use due to potential hallucination 

of non-existent features.  

  

4. Transformer-Based SR Models  

More recently, attention-based mechanisms and transformers have gained traction. Vision transformers (ViTs), originally developed for image 

classification, have been adapted for SR tasks due to their ability to model long-range dependencies and global context. In the medical domain, SwinIR 

and TransUNet architectures have been employed to enhance cardiac MRI and fetal ultrasound images with improved structural continuity [19][20].  

  

These models outperform CNNs in cases where anatomical structures span large image regions and where spatial relationships are critical. However, their 

adoption is still limited by computational complexity and the scarcity of large annotated medical datasets suitable for transformer training.  

  

5. Application-Specific Adaptations  

Researchers have also developed specialized models tailored to specific imaging modalities:  

  

MRI SR: Alexander et al. [21] introduced a multi-scale U-Net for SR of diffusion MRI, enabling faster acquisition times while maintaining diagnostic 

accuracy.  

  

CT SR: Chen et al. [22] utilized hybrid CNN-GAN architectures to reconstruct high-resolution CT from low-dose scans, crucial for reducing radiation 

exposure.  

  

Microscopy SR: Zhang et al. [23] applied deep SR to histopathological slides, restoring cellular details that assist in cancer diagnosis.  
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Multi-modal and cross-domain learning are also emerging trends. For example, joint learning from paired MRI-PET images allows one modality to guide 

the SR of another, improving robustness in regions with low contrast or high noise [24].  

  

6. Evaluation and Limitations in Medical SR Research Evaluation metrics such as PSNR and SSIM are commonly used, but they often fail to correlate 

with diagnostic relevance. As a result, there is a growing emphasis on task-based evaluation, where the SR output is assessed based on downstream tasks 

like segmentation, registration, or classification. For example, improved tumor segmentation accuracy after SR enhancement is often used as a proxy for 

real-world effectiveness [25].  

  

Despite promising results, SR models still face challenges in generalizability across scanners and populations, explain ability of reconstructions, and 

integration with clinical workflows. Regulatory bodies also demand transparency and robustness, especially for models that modify or generate patient 

data [26].  

  

III  METHODOLGY  

1. Interpolation-Based Methods (Traditional Techniques)  

Interpolation techniques, such as nearest-neighbor, bilinear, and bicubic interpolation, have been foundational in image upscaling. These methods estimate 

pixel values based on surrounding pixels but often fail to reconstruct high-frequency details, leading to blurred images. In medical imaging, while these 

methods are computationally efficient and widely available, they are limited in their ability to preserve subtle structural features, which are critical for 

accurate diagnosis.   

2. Convolutional Neural Network (CNN)-Based Approaches  

CNNs have revolutionized SR by learning complex spatial hierarchies from data. In medical imaging, CNN-based models are adapted to handle the unique 

challenges posed by medical data:  

• Network Architectures: Architectures such as SRCNN, VDSR, and EDSR have been employed, often incorporating residual 

connections and multi-scale pathways to enhance learning efficiency and output quality.  

• Loss Functions: While pixel-wise loss functions like L1 or L2 loss are commonly used, they may suppress perceptual sharpness. 

Hybrid loss functions combining pixel, perceptual, and structural losses have been proposed to address this issue.   

• Clinical Applications: These models have been applied to various medical imaging modalities, including MRI, CT, and PET scans, 

to enhance image resolution without the need for new hardware.   

3. Generative Adversarial Networks (GANs)  

GANs have been adapted for medical SR to generate more realistic textures:  

• SRGAN: Introduced perceptual and adversarial losses, enabling sharper images that retain textural realism. This approach has been 

applied to enhance the resolution of medical images, such as MRI and CT scans.   

• MedSRGAN: A modified GAN architecture that incorporates domain-specific knowledge to improve the quality of medical images. 

This model has shown promise in enhancing the resolution of medical images while preserving anatomical details.   

• Clinical Considerations: While GANs excel at visual plausibility, their potential to generate synthetic features necessitates strict 

validation, especially in diagnostic applications where false structures may lead to misdiagnosis.   

4. Transformer-Based and Attention-Driven Models  

Transformer-based architectures have been adapted for medical SR to model long-range dependencies:  

• SwinIR and ViT-SR: These models incorporate window-based or hierarchical attention mechanisms, offering competitive SR results 

in 2D modalities like X-ray and retinal imaging.   

• TransUNet and UNETR: Hybrid models combining CNN encoders with transformer decoders have been used for SR in segmentation-

sensitive tasks, such as cardiac MR enhancement and fetal ultrasound.   

• Clinical Applications: These models are particularly useful in applications where understanding global anatomical context is crucial, 

such as in oncology and neurology.   

5. Multi-Modal and Cross-Modal SR Approaches  

Leveraging complementary information from different imaging modalities can enhance SR:  

• Cross-Modality GANs: For instance, using highresolution T1-weighted MRIs to super-resolve lowresolution PET images.   
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• Multi-Contrast Learning: Shared encoders extract modality-invariant features, while decoders are modality-specific, enabling 

improved resolution through shared anatomical priors.   

• Clinical Benefits: These methods are particularly useful in oncology and neurology, where multisequence imaging is common and 

lesion detection benefits from integrated modalities.   

6. 3D Super-Resolution Techniques  

Medical scans are often inherently 3D, necessitating 3D SR techniques:  

• 3D CNNs and Hybrid Approaches: These models enable volumetric SR, preserving inter-slice consistency and improving accuracy 

in applications like tumor delineation or brain mapping.   

• Clinical Applications: 3D SR is particularly beneficial in applications such as whole-body MRI volumes, where maintaining spatial 

consistency across slices is crucial.   

7. Self-Supervised and Unsupervised SR  

Given the limited availability of paired HR-LR datasets in medicine, self-supervised learning techniques are emerging:  

• CycleGAN-based SR: Trains without paired data by enforcing cycle-consistency between upscaled and downscaled images.   

• Self-supervised Pretext Tasks: Such as predicting masked regions or reconstructing spatially shuffled patches, which can be used to 

pre-train SR networks with unlabeled data.   

• Clinical Relevance: These methods reduce reliance on large annotated datasets and are particularly useful for rare diseases or niche 

imaging modalities.  

                        IV  RESULTS AND DISCUSSION  

1. Performance Metrics and Evaluation  

The efficacy of deep learning-based super-resolution (SR) methods in medical imaging is primarily assessed using quantitative metrics such as Peak Signal-

to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Mean Squared Error (MSE). However, these metrics have limitations in capturing 

perceptual and diagnostic quality. For instance, PSNR and MSE may not fully reflect the preservation of fine anatomical structures, which are crucial for 

clinical applications. SSIM offers a better assessment by considering structural information, yet it can be unstable in regions with low contrast or noise, 

common in medical images . Therefore, a combination of these metrics, along with clinical validation, is recommended for a comprehensive evaluation of 

SR methods.PMC 2. Architectural Innovations and Their Impact  

Recent advancements in deep learning architectures have significantly enhanced the quality of medical image SR. Models like Med-SRNet, which integrate 

Generative Adversarial Networks (GANs) with High-Resolution Networks (HRNet), have demonstrated superior performance in reconstructing high-

resolution images from low-resolution inputs. For example, Med-SRNet achieved a PSNR improvement of up to 1.75 and an SSIM increase of 0.048 on 

COVID-19 CT datasets compared to traditional methods . These innovations enable the preservation of fine details and textures, which are essential for 

accurate diagnosis and treatment planning.PMC  

3. Modal-Specific Adaptations  

Different medical imaging modalities present unique challenges for SR techniques. For instance, Magnetic Resonance Imaging (MRI) often suffers from 

motion artifacts and low signal-to-noise ratios, making SR more challenging. Conversely, Computed Tomography (CT) images may have higher noise 

levels due to lower radiation doses. Deep learning models have been tailored to address these modality-specific issues. For example, models incorporating 

residual learning and attention mechanisms have been effective in enhancing MRI images by focusing on relevant features and suppressing noise .  

4. Clinical Integration and Practical Considerations  

While deep learning-based SR methods have shown promising results, their integration into clinical practice faces several hurdles. These include the need 

for large annotated datasets, which are often scarce in medical imaging, and the computational resources required for training and inference. Additionally, 

the generalization of models across different institutions and imaging equipment remains a challenge. To address these issues , strategies such as transfer 

learning, data augmentation, and domain adaptation are being explored. Moreover, the development of lightweight models suitable for deployment on edge 

devices is an active area of research, aiming to make SR techniques more accessible in clinical settings .IJETT  

5. Future Directions  

The future of medical image SR lies in the development of more robust and generalizable models. This includes the exploration of unsupervised and self-

supervised learning approaches to mitigate the dependency on labeled data. Additionally, the incorporation of multi-modal data and the use of advanced 

architectures like transformers and diffusion models hold promise for further enhancing SR performance. Furthermore, establishing standardized evaluation 

protocols and datasets will facilitate the comparison and benchmarking of different SR methods, accelerating their translation into clinical practice .  
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V  CONCLUSION  

Image Super-Resolution (SR) has emerged as a transformative technology in medical imaging, aiming to reconstruct highresolution (HR) images from 

low-resolution (LR) inputs without the need for expensive hardware upgrades or extended scanning time. With the integration of deep learning, particularly 

Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANs), and Transformerbased architectures, the SR field has undergone a 

significant evolution—resulting in models that not only restore visual Despite the impressive progress, several challenges remain before SR techniques 

can be routinely adopted in clinical workflows. These include:  

• Data scarcity and domain diversity: High-quality, paired HR-LR datasets are rare in the medical domain. Variability across scanners, 

protocols, and patient populations makes generalization difficult.  

• Lack of standardized evaluation: Conventional metrics like PSNR and SSIM may not align with clinical needs. Task-specific or 

pathology-aware evaluations are necessary.  

• Computational and regulatory limitations: Many advanced models require significant resources and lack explain ability, making 

them less viable for deployment in real-time clinical environments.  

Looking ahead, research should focus on hybrid models that combine the best of CNNs, GANs, and Transformers, while being optimized for resource-

constrained settings. Techniques like selfsupervised learning, domain adaptation, and federated learning could mitigate the data availability issue and 

enhance generalizability across healthcare institutions  

In conclusion, deep learning-based SR techniques hold tremendous promise for revolutionizing medical imaging by improving resolution, enhancing visual 

interpretability, and aiding early disease detection. With continued interdisciplinary collaboration between AI researchers, radiologists, and healthcare 

professionals, SR systems can move beyond research prototypes and become integral to nextgeneration diagnostic platforms.  
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