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Abstract 

Advanced imaging in medical has become crucial in the early identify diseases because they reveal the important 

structural features of the human body. But it is almost impossible to get such high resolution images in real life 

situation due to the factors such as image capture and processing equipment, and environmental factors that affect 

the outcome of the image. This work proposes a sub-type of GAN that is used in enhancement of images 

particularly in medical fields. The generator of the Med-GAN extracts a high-resolution image from a low-

resolution one with the help of novel features learned by the model. The approach of reconstructing high resolution 

from multiple parallel streams of lower resolution employs deconvolution algorithms with multiple scale fusions 

that produce better high resolution representations as compared to the technique of bilinear interpolation. The 

performances of the proposed Med-GAN are tested on two publicly available COVID-19 CT datasets and one 

private medical image dataset which shows that the proposed method outperforms the existing methods in 

performance comparisons. Consequently, for PSNR, the score improves from 24.103 dB corresponding to the 

Initial Approach of the “BRaTS (FLAIR)” dataset to 25.496 dB for the Proposed Method; whereas for SSIM the 

score increases from 0.782 to 0.812.se types of high-resolution images are usually impossible to get due to limits 

in imaging devices, environmental conditions, and human factors. This work proposes the Med-GAN: an 

Enhanced Super-Resolution Generative Adversarial Network tuned for medical image enhancement. The Med-

GAN generator learns high-resolution representations from low-resolution images via advanced feature extraction 

methods. Deconvolution algorithms with multi-scale fusions recover better high-resolution representations from 

multiple parallel streams of lower resolutions in this approach compared to traditional bilinear interpolation 

methods. Evaluated on two publicly available COVID-19 CT datasets and one custom medical image dataset, the 

proposed Med-GAN significantly outperforms existing techniques in performance comparisons. In particular, 

PSNR rises from 24.103 dB for the "BRaTS (FLAIR)" dataset in the Initial Approach to 25.496 dB in the Proposed 

Method, while SSIM increases from 0.782 to 0.812. If that is the case then it could be said that the solution of the 

proposed Med-GAN is one of the most realistic means for improving the quality of medical images and therefore 

contributes to better diagnostics of diseases 

Keywords: High-resolution medical imaging; Image augmentation; Enhanced Super-Resolution Generative 

Adversarial Networks; Med-GAN; Super-resolution 

1. Overview 

Typically, medical images are understood by professionals in the medical area, such as radiologists and physicians. 

However, the discrepancies among various specialists and the intricacies of medical imaging provide significant 

challenges for professionals involved in the precise and consistent detection of disorders. Computerized 

approaches facilitate the semi-automated or fully automatic completion of challenging image analysis tasks, 

allowing specialists to make diagnoses that are objective, efficient, and precise. Therefore, the exploration of deep 

learning techniques for the assessment of medical images has consistently been a fascinating field of study [1-3]. 
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Deep Convolutional Neural Network (CNN) architectures have been extensively employed across various domains 

in the field of medical diagnostics. These structures are employed for picture segmentation, categorization, and 

authentication, and content-based image retrieval, assessment of illness severity, identification of cancers, lesions, 

and tissues [4]. Although CNNs have demonstrated superior performance compared to conventional machine 

learning techniques, there are still substantial challenges to address in order to enhance their ability to generalize 

and create robust models. In order to ensure robustness and great generalizability, it is imperative that the training 

data sets include a substantial number of Images that encompass all potential variations. Nevertheless, the quantity 

of medical images that are typically accessible is typically restricted. The issue of data scarcity can be caused by 

a variety of factors, including an insufficient number of patients for specific diseases, patients' reluctance to consent 

to the use of their images, insufficient availability of medical equipment, and the inability to obtain images that 

meet specific requirements. Acquiring images of patients from a diverse array of racial or geographical contexts 

may present challenges. 

Labelling the acquired Images can be quite challenging, especially when compared to the straightforward process 

of labelling natural photographs. This remains a significant issue, even after a sufficient number of images have 

been collected. It requires specialized knowledge from medical professionals and is a task that requires a significant 

amount of time. In addition, there are legal and privacy concerns associated with labelling medical images. 

Addressing the issue of imbalanced data is crucial when developing deep network-based methods in order to avoid 

overfitting, skewed outcomes, and incorrect results. Image augmentation approaches tackle these challenges by 

using an equal number of images and automatically expanding training datasets. They require strong and advanced 

techniques to enhance their ability to learn and generalize, in order to create deep networks. However, the literature 

has utilized a range of different strategies to enhance the data with various types of images. The literature should 

clearly state whether the data augmentation strategy leads to more efficient outcomes for specific types of images. 

This ambiguity arises from the different types of illnesses, network topologies, and the amount of datasets used 

for training and testing. Recently, there have been significant advancements in super-resolution (SR) methods 

using CNNs, resulting in excellent performance [5-7]. The networks have evolved over time, starting with the 

original SRCNN and advancing to more sophisticated models such as Very Deep Super-Resolution, Deep 

Recursive Residual, Memory, and Residual Channel Attention Networks. 

In addition, there are other effective techniques that involve connecting multiple feature extraction modules to 

create comprehensive networks. Some examples include the Residual Dense Network [8], Information Distillation 

Network [9], Multi-Scale Residual Network [10], and Super-Resolution Feedback Network [11]. Emphasizing the 

importance of the unique capabilities of each module. As mentioned in reference [12], the GAN model presents a 

fresh perspective on image generation and acts as a fundamental model for producing high-resolution images. The 

SRGAN was the first to incorporate the GAN framework into SR reconstruction, as demonstrated in [13]. This 

approach has effectively enhanced the visual quality of images and provided a more precise representation of high-

frequency information. However, due to the straightforward architecture of the SRGAN generating network, the 

extracted features may not always be adequate, leading to a decrease in the quality of the reconstruction. Later, a 

number of innovative super-resolution (SR) techniques were introduced that utilized GAN models and deep 

convolutional networks to improve image quality in different ways [14-17]. Although GAN-based SR models can 

yield favourable outcomes, they still have a number of drawbacks: (i) the training process and super-resolution 

capability of the initial GAN architecture show a lot of volatility. (ii) The oversimplification of the generation 

network in the framework hampers its suitability for feature extraction in the super-resolution task. Consequently, 

the degree of reconstruction is greatly affected, leading to poor picture feature extraction. After careful evaluation 

of GANs and CNNs, we have developed a new architecture called Med-GAN. This method utilizes advanced 

techniques in representation learning to enhance the quality of medical images.  

Here is the outline of the remaining sections: Section 2 discusses the work that is relevant to the topic. In Section 

3, you will find a comprehensive overview of Med-GAN's data gathering, GAN architecture, and feature extraction 

processes. Section 4 provides an analysis of the findings, comparisons to current approaches, and assessments of 

the effects of aggregation. Section 5 provides an overview of the findings and offers suggestions for future 

research. 

2. Related works  

In the study conducted by [18], they were able to achieve improved tumour segmentation and classification 

accuracy by implementing additional noise and sharpening approaches. Another study focused on studying images 

that were enhanced using various methods such as blurring, noise addition, random cropping, translation, and 

rotation. By employing these techniques, the algorithm demonstrated a higher level of effectiveness in predicting 

ages, diagnosing schizophrenia, and classifying sexes [19]. Various studies have enhanced the accuracy of tumour 

segmentation by employing techniques such as elastic deformation, random scaling, and rotation [20]. Although 
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the literature primarily supports those procedures, synthetic images have also been used to achieve augmentation. 

Various methods have been utilized to generate synthetic images, including GAN and modified Mixup 

architectures, along with Mixup, which combines two randomly selected images with their respective labels. An 

example of a variant of Mixup, TensorMixup is a voxel-based method that combines two picture patches using a 

tensor. As demonstrated in [22], this approach has been utilized to enhance the accuracy of tumour segmentation.  

A recent study utilized an augmentation strategy that relied on Generative Adversarial Networks (GANs) to 

perform cerebral vascular segmentation. Medical professionals rely on computerized technologies to aid in tasks 

such as segmenting lung tissue or nodules, detecting nodules, predicting malignancy levels, and diagnosing 

diseases like coronavirus (COVID-19). There are various techniques available to enhance CT lung imaging, such 

as rotating, flipping, and scaling the images. Image enhancement techniques were employed to enhance the 

automatic diagnosis of COVID-19 [24]. Utilizing additional enhancements alongside Gaussian noise, [25] 

improved the efficiency of COVID-19 diagnosis. In addition, several models of Generative Adversarial Networks 

(GAN) have been used to improve lung CT images by generating new synthetic images. When enhancing lung CT 

images with a Generative Adversarial Network (GAN), researchers usually concentrate on generating the 

particular area of the image that shows lung nodules. Given the small lung nodules, it would be more efficient to 

generate a scaled-down image or focus specifically on the target area instead of capturing a wide shot of the entire 

scene. 26 in Developed synthetic images depicting the region of lung nodules utilizing directed GAN architectures. 

Using nodule size information alongside guided GANs, researchers were able to generate images of lung nodules 

in different sizes. 

Augmentation techniques are frequently utilized in mammography images to improve the automated identification, 

segmentation, and detection of abnormalities in the breast. Errors in detecting or identifying lesions can lead to 

unnecessary biopsies or incorrect diagnoses. Instead of applying augmentation techniques to the entire image, 

numerous studies have concentrated on specific positive and negative areas that have been extracted [28]. Positive 

patches are obtained by extracting regions marked by medical professionals, while negative patches are randomly 

selected from the same image. Prior to implementing an augmentation technique, it is highly advisable to refine 

and segment the data, ensuring that the segments are properly defined and concluded. This approach is the most 

effective strategy to guarantee outstanding performance in detecting and classifying the lesions. Various image 

refining techniques, including noise removal and resizing, were utilized. Later on, the implementation of 

segmentation and augmentation stages took place [29]. Prior to dividing the images into distinct sections and 

applying augmentation, any noise and artifacts were eliminated. Applying various techniques such as scaling, noise 

addition, replicating, shearing, and rotation is a common approach to enhance mammography images or specific 

regions within them. 

Various augmentation techniques were employed to improve the automatic categorization of images into three 

categories: standard, malignant, and benign [29]. These techniques included mirroring, zooming, and resizing. In 

addition, these techniques have been seamlessly integrated with GANs to produce innovative augmented synthetic 

visuals. We have successfully integrated flipping with deep segmentation GAN to perform binary classifications 

of images, distinguishing between mass-laden and standard images. GAN-based augmentations have been 

extensively utilized. A prime illustration is the contextual GAN, which generates novel images by amalgamating 

injuries derived from the adjacent tissue. This technique to improve binary classification by effectively 

differentiating between normal and malignant cases. In a separate study, researchers successfully generated 

artificial lesion images that provided detailed information about the lesion's border and texture. This was achieved 

by combining contextual and deep convolutional GAN methods. Deep learning algorithms currently utilize these 

properties for a range of applications, such as detecting glaucoma, classifying diabetic retinopathy (DR), and 

assessing the severity of DR. Eye fundus images are often enhanced using various augmentation techniques such 

as movement, shearing, flipping, and translation. These techniques are employed to enhance the performance of 

deep learning algorithms. In a recent study by [32], a comprehensive method was employed to diagnose glaucoma. 

This method involved rotation, shearing, zooming, flipping, and shifting. 

[33] A technique of enhancement was employed, involving the application of blurring and shifting. This technique 

was utilized prior to conducting binary classification (healthy vs. non-healthy) and multi-class classification (5 

classes) of images. The goal was to differentiate between different stages of DR. Another study [34] utilized a 

combination of movement, translation, mirroring, and zooming techniques to automatically detect malaria 

retinopathy. In addition, pixel-intensity data has been utilized in specific augmentation methods due to the coloured 

nature of fundus images. A technique known as channel-wise random gamma correction has been utilized to 

improve the segmentation of retinal arteries [35]. The authors have successfully implemented a channel-wise 

vascular enlargement through the use of morphological modifications. In a separate study, researchers [36] 

employed various picture augmentation techniques such as zooming and Contrast Limited Adaptive Histogram 

Equalization (CLAHE) to enhance the robustness of DR identification. In addition, the utilization of GAN models 
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has greatly aided in the generation of synthetic images, thereby improving augmentations. Researchers have used 

conditional GAN [37] and deep convolutional GAN [38] augmentations to improve the performance of algorithms 

for automatically categorizing diabetic retinopathy (DR) based on its severity level. In certain cases, new images 

have been generated and improved with retinal characteristics, including vascular and lesion features. For instance, 

researchers in [39] study (2020) utilized heuristic image augmentation to create structures similar to NeoVessel 

(NV). This method was used to improve the detection of proliferative diabetic retinopathy (DR), a stage of DR 

where new blood vessels form. Considering the desired appearance and positioning of the NVs, different images 

can be created for this improvement by utilizing various NVs such as trees, wheels, and brooms. 

3. Equipment and Techniques 

A. Information collection 

Brain magnetic resonance imaging (MRI) was included in the BRaTS Multimodal Brain Tumor Images 

Segmentation Challenge (40), which was only recently finished. FLAIR, T2, T1-CE, and T1-weighted are the four 

MR imaging models that are included in the data for each individual patient. Numerous modal images each give a 

unique set of information on tumours. This item involves the utilization of FLAIR photographs. The BRaTS 

collection contains a total of 285 photographs, 210 of which are of HGG cases and 75 of which are of LGG cases. 

There are photographs of the lungs that may be found in the LIDC-IDRI database [41–42] as well as in the 

LUNA16 challenge (17). A total of 1018 CT scans from 1010 different people are included in the database. These 

scans were analysed and interpreted by a group of four radiologists comprising an expert panel. Radiologists have 

categorised nodules into three distinct groups: "non-nodule ≥ 3 millimetres," "nodule < 3 millimetres," and "nodule 

≥ 3 millimetres." Because of the utility of the images, those with a slice thickness greater than three millimetres 

were removed [44-45].  

Other images that were eliminated included those that had slices that were either missing or had an inconsistent 

spacing between them. There were a total of 1018 cases, and 888 Images were removed from them. Mammography 

images of the breast are available through the INbreast database [46]. Breast masses are depicted in only 107 of 

the 410 Images, which results in 115 mass lesions. This is due to the fact that photographs may contain many 

lesions. There are 63 more malignant masses than there are benign ones, which total 52. According to [47], the 

Messidor database has 1200 eye fundus images that have been categorized into three danger levels: 0 risk, 1 risk, 

and 2 risk. These risk levels are determined by the risk of diabetic macular oedema. There are 974, 75, and 151 

images in each of the categories.  

B. Methodology 

The objective of this research is to generate a high-resolution medical image by utilizing the bicubic operation on 

a low-resolution image, based on a high-resolution reference image. Consider two images, one with a low 

resolution (X) and the other with high quality (Y). The mapping function Gθ(•) represents a direct connection 

between the starting point and the endpoint. The solutions to the aforementioned problems have the potential to 

produce X and Y. 

𝜃̂ = arg⁡min
𝜃

 
1

𝑁
∑  𝑁
𝑖=1 𝐿(𝐺𝜃(𝑋𝑖), 𝑌𝑖),       (1) 

The variable θ is employed in this particular context to denote the set of network parameters that require 

optimization. The function L(.) serves the purpose of functioning as a loss in order to minimize the discrepancy 

between X and Y. The quantity of drill samples is represented by the variable N. 

An adversarial network, more specifically a general adversarial network (as shown in Figure 1[25]), is trained to 

engage in a minimax game. The objective of the generator network is to maximize a function, whereas the 

discriminator network aims to minimize it, in comparison. The competitive nature of this dynamic is the reason 

behind the term "adversarial." Generative Adversarial Networks (GANs) are trained by optimizing a loss function 

during their training process. 

min
𝐺
 max
𝐷

 𝑉(𝐷, 𝐺) = 𝔼𝑥∼𝑝 data (𝑥)[log⁡𝐷(𝑥)]

+𝔼𝑧∼𝑝𝑧(𝑧)[log⁡(1 − 𝐷(𝐺(𝑧)))].
       (2) 

For the purpose of addressing the generator network, which is characterized by the parameters θG, the term G(z) 

is utilized in this context. A random variable z is provided to the system, and it is taken from a prior distribution 

using the pz distribution. In order to accomplish its goal, G must first convert the variable z into a variable x that 

is derived from the distribution set of data. Using parameters θD, a distinct network known as D, which is referred 

to as the discriminator, is trained in order to achieve this goal. The primary objective of this analysis is to 
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differentiate between the genuine samples x ∼ data derived from a certain dataset and the fabricated samples ˆx ∼ 

pθG (x|z) that are generated by the generator. By employing this tactic, the generator is compelled to produce 

samples that are more compelling in order to deceive the discriminator into believing that they are genuine. 

 

Figure 1. Architecture of conventional GAN [25] 

Increasing the quality of the recovered image in GAN is primarily accomplished through the utilization of two 

modifications that are directed toward the structure of generator G: First, remove all of the BN levels from the 

structure. The second step is to replace the previous basic block with the RRDB, which is a combination of a multi-

level residual network and dense connections (for an illustration, see Figure 3). 

 

Figure 2. Architecture of SRGAN [48] 

 

Figure 3. RRDB Structure [49] 

In a number of applications that are centered on PSNR (Peak Signal-to-Noise Ratio), such as SR (Super-

Resolution) and deburring, it has been demonstrated that excluding BN (Batch Normalization) layers can improve 

performance and reduce the amount of computing complexity involved. Batch normalization (BN) layers make 

advantage of the batch's mean and variance in order to standardize the features prior to training. Nevertheless, for 

testing purposes, we make use of the mean and variance that were calculated for the entire training dataset. It is 

possible that the employment of BN (Batch Normalization) layers could result in the appearance of undesired 

artifacts and limit the ability to generalize when there is a large variation in the statistics of the training dataset and 

the testing dataset. It has been demonstrated through empirical data that certain BN layers are more likely to 

introduce artifacts when a deep neural network is trained using a GAN architecture. The criterion for consistent 

performance throughout the training process is violated by the fact that these artefacts reveal themselves in a 

sporadic manner between iterations and in a variety of circumstances. 

In order to ensure reliable training and consistent performance, the BN layers are removed. Furthermore, the 

elimination of BN (Batch Normalization) layers enhances the ability to generalize while also decreasing the 

computational complexity and memory usage. The newly introduced basic block in SRGAN is referred to as 

RRDB. Figure 4 provides a visual representation of this block. Figure 2 illustrates the high-level architecture 
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design along with its various components. Based on the available data, it has been observed that increasing the 

number of layers and connections consistently enhances performance. The recommended RRDB (Residual in 

Residual Dense Block) utilizes an architecture that is characterized by increased complexity and depth compared 

to the original residual block employed in SRGAN (Super-Resolution Generative Adversarial Network). The 

presented RRDB includes a structured implementation of residual learning on multiple layers. This design 

incorporates residuals within residuals, as depicted in Figure 3. The utilization of a multi-level residual network 

topology has been proposed. However, our RRDB stands out from other systems by incorporating a thick block 

into the primary channel, similar to the way it is done in. The utilization of dense connections is a design option 

that maximizes the capacity of the network. 

The structure of both the discriminator and the generator has been enhanced by implementing the Relativistic GAN 

method. A relativistic discriminator is a tool used to determine the likelihood that an input image x is genuine and 

authentic, as opposed to a manufactured one xf. In contrast to the typical discriminator D in SRGAN, the relativistic 

discriminator focuses on assessing the possibility of an actual picture being more realistic than a manufactured one 

xr. 

C. Loss functions 

The term "measure of overall loss" refers to a quantitative assessment of the total amount of loss experienced in a 

given situation or context. The proposed model's LSR, following the SRGAN approach, can be described as a 

biased sum of individual loss functions. 

𝐿Total 
SR = 𝑎1𝐿MSE

SR + 𝑎2𝐿Gen
SR          (3) 

 𝐿MSE
SR =

1

𝑟2𝑊𝐻
∑  𝑟𝑊
𝑖=1 ∑  𝑟𝐻

𝑗=1 (𝑌𝑖,𝑗 − 𝐺𝜃𝐺(𝑋)𝑖,𝑗)
2
       (4) 

𝐿Gen
SR = ∑  𝑁

𝑛=1 − log⁡𝐷𝜃𝑝(𝐺𝜃𝐺(𝑋))         (5) 

The weighting parameters a1 and a2 are used to represent the importance of different factors in the optimization 

process for image super-resolution. The primary optimization objective, known as LSR MSE, is a measure of 

content loss. This objective is widely used and relied upon by many state-of-the-art methods in the field. The term 

"Localized Saliency Regularization" is an acronym that represents the concept it describes. The term "Gen" in the 

context of generative network antagonistic loss refers to the generator network's objective of deceiving the 

discriminator network. The variable "r" is used to represent the down-sampling factor in the down-sampling 

process. The width of the image is denoted by the variable "W", while its height is represented by the variable "H". 

4. Results and Discussion 

A. Execution Details 

The medical Image database was populated with a variety of datasets encompassing different medical imaging 

modalities. The FLAIR images used in this study were obtained from the BRaTS database, which consists of a 

total of 285 images. A total of 210 instances are categorized as high-grade gliomas (HGG), while 75 cases are 

categorized as low-grade gliomas (LGG). The study utilized lung CT images obtained from the LIDC-IDRI and 

LUNA16 databases. The dataset included a total of 888 images collected from 1010 individuals. In addition, breast 

mammography images from the INbreast database were utilized. This database consists of 107 images that depict 

breast masses. The collection of images contains a total of 115 mass lesions, consisting of 52 benign and 63 

malignant cases. Finally, eye fundus images from the Messidor database were utilized. The database consists of 

1200 images that have been categorized into three risk levels for diabetic macular oedema. The augmentation 

technique was also implemented on the CT_349 and CT_19 datasets. A training dataset consisting of 700 images 

was generated to augment the data. This was achieved by rotating the original images by 90°, 180°, and 270°, and 

subsequently horizontally flipping them. The training process of the model was initiated using the Adam optimizer. 

A uniform learning rate of 0.0001 was applied to all layers. After every 50 epochs, the learning rate was reduced 

by half. The model achieved convergence after 200 iterations. The training process, which utilized a single Tesla 

P40 GPU, took approximately 9 hours. 

B. Med-GAN versus State-of-the-Art: A Comparative Study 

With the help of a medical imaging database that contains datasets from the BRaTS (FLAIR), LIDC-IDRI & 

LUNA16, INbreast, Messidor, and COVID-19 databases, the performance of the technique that has been suggested 

is tested. In order to guarantee a direct comparison, the approaches that were utilized in this study made use of the 

same training set as well as public model specifications. 
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The table 1 presents a comparison of the Peak Signal-to-Noise Ratio (PSNR) values obtained from different feature 

aggregation techniques applied to four medical imaging datasets: BRaTS (FLAIR), LIDC-IDRI & LUNA16, 

INbreast, and Messidor. The Peak Signal-to-Noise Ratio (PSNR) values serve as an indicator of the quality of the 

reconstructed images. Higher PSNR values correspond to better image quality. The initial approach produces the 

lowest Peak Signal-to-Noise Ratio (PSNR) values for all datasets: 24.103 for BRaTS, 26.127 for LIDC-IDRI & 

LUNA16, 27.005 for INbreast, and 26.732 for Messidor. This indicates that this method is less successful in 

preserving image quality. The standard method demonstrates an improvement over the initial approach by 

achieving higher Peak Signal-to-Noise Ratio (PSNR) values. Specifically, the PSNR values for BRaTS, LIDC-

IDRI & LUNA16, INbreast, and Messidor are 25.042, 26.879, 27.874, and 27.223, respectively. These results 

indicate that the standard method enhances image quality by effectively aggregating features. 

Enhanced performance is observed when additional techniques are integrated. The combination of the standard 

method and BI MR Fusion results in slightly improved Peak Signal-to-Noise Ratio (PSNR) values. Specifically, 

the PSNR values are 25.084 for BRaTS, 26.950 for LIDC-IDRI & LUNA16, 27.998 for INbreast, and 27.287 for 

Messidor. These values suggest a minor enhancement in image quality. The inclusion of deconvolutions in the 

standard method leads to a further improvement in PSNR values. Specifically, for BRaTS, the PSNR value 

increases to 25.112, for LIDC-IDRI & LUNA16 it increases to 27.082, for INbreast it increases to 28.094, and for 

Messidor it increases to 27.331. These results indicate that the feature aggregation process has been enhanced. The 

proposed method is a combination of elements from the initial approach, the standard method, and deconvolutions. 

It has been found to achieve the highest Peak Signal-to-Noise Ratio (PSNR) values across all datasets. Specifically, 

the PSNR values are 25.496 for BRaTS, 27.465 for LIDC-IDRI & LUNA16, 28.416 for INbreast, and 27.634 for 

Messidor. The aforementioned statement suggests that the proposed technique is highly efficient in maintaining 

the quality of images, thereby showcasing its superior ability to aggregate features across various medical imaging 

datasets. 

Table 1: Comparison PSNR for Different Feature Aggregation Techniques across Medical Imaging Datasets 

Techniques BRaTS 

(FLAIR) 

LIDC-IDRI 

& LUNA16 

INbreast Messidor 

Initial Approach [13] 24.103 26.127 27.005 26.732 

Standard Method [50] 25.042 26.879 27.874 27.223 

Standard Method + BI MR 

Fusion [51] 

25.084 26.950 27.998 27.287 

Standard Method + 

Deconvolutions 

25.112 27.082 28.094 27.331 

Initial + Standard + 

Deconvolutions (Proposed) 

25.496 27.465 28.416 27.634 

 

 

Figure 4. PSNR comparison 

Four separate medical imaging datasets—BRaTS (FLAIR), LIDC-IDRI & LUNA16, INbreast, and Messidor—

had their Structural Similarity Index (SSIM) values displayed in the following table. The feature aggregation 

procedures used in these datasets were varied. One quantitative measure for gauging how similar two images are 
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structurally is the Structural Similarity Index (SSIM). Higher values indicate better quality and more resemblance, 

and it gives a numerical value between 0 and 1. Elevated SSIM values signify the maintenance of picture quality 

and structural integrity. Among all datasets, the Initial Approach [13] shows the lowest SSIM values: 0.782 for 

BRaTS, 0.810 for LIDC-IDRI & LUNA16, 0.834 for INbreast, and 0.798 for Messidor. From what we can see, 

this method yields the worst outcomes in terms of both picture reconstruction accuracy and quality preservation. 

By attaining somewhat higher SSIM values (0.795, 0.823, 0.848, and 0.812, respectively), the Standard Method 

[50] shows improvements, signifying better picture quality and structural similarity. By combining the Standard 

Method with BI MR Fusion, we find even more improvement, leading to marginally greater SSIM values [49]. 

The SSIM values for BRaTS, LIDC-IDRI & LUNA16, INbreast, and Messidor are 0.798, 0.827, 0.852, and 0.815, 

respectively. The feature aggregation process is improved with the integration of BI MR Fusion, leading to better 

image quality. By utilizing a more sophisticated approach that improves the preservation of picture details and 

structural accuracy, the **Standard Method + Deconvolutions** shows an improvement in SSIM values (0.803, 

0.835, 0.858, and 0.820).  

The highest SSIM values across diverse datasets are demonstrated by the Proposed Method, which combines 

components from the first approach, standard method, and deconvolutions. Regarding BRaTS, LIDC-IDRI & 

LUNA16, INbreast, and Messidor, the SSIM values that the Proposed Method attains are 0.812, 0.844, 0.865, and 

0.827, respectively. Out of all the approaches that were tested, this study shows which one is the best at aggregating 

features. Using this method consistently produces the most structurally similar and high-quality images across all 

datasets. 

Table 2: Comparison of SSIM for Different Feature Aggregation Techniques across Medical Imaging Datasets 

Techniques BRaTS (FLAIR) LIDC-IDRI & 

LUNA16 

INbreast Messidor 

Initial 

Approach[13] 

0.782 0.810 0.834 0.798 

Standard 

Method[50] 

0.795 0.823 0.848 0.812 

Standard Method + 

BI MR Fusion[51] 

0.798 0.827 0.852 0.815 

Standard Method + 

Deconvolutions 

0.803 0.835 0.858 0.820 

Initial + Standard + 

Deconvolutions 

(Proposed) 

0.812 0.844 0.865 0.827 

 

 

Figure 5. SSIM Comparison 
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C. Aggregation Impact Evaluation 

In this section, we will evaluate the performance of the attribute aggregation component by subjecting the newly 

constructed medical picture database to various tests. The performance of our proposed feature aggregation 

component is now superior due to the incorporation of a deconvolution operation, when compared to SRGAN [13] 

and HRNet [50]. The table below displays the contrast (scale: 8×) of SSIM for various feature aggregation 

components. Our proposed technique demonstrates superior performance in terms of SSIM across multiple 

datasets including BRaTS (FLAIR), LIDC-IDRI & LUNA16, INbreast, and Messidor. The data can be visualized 

in Tables 1 and 2, as well as Figures 4 and 5. In our study, the term "BI" is employed to denote the up sampled 

bilinear interpolation process, while the term "MR" is utilized to represent multi-resolution. 

5. Conclusion and Future Scope 

We introduce a medical Image super-resolution network that utilizes a Generative Adversarial Network (GAN) 

and focuses on high-resolution representation learning. It optimally uses the characteristics of medical images to 

enhance the performance of SR, taking into account the benefits of Med-GAN, which can significantly improve 

the visual quality of the Images. To maintain HR representations and conduct repeated multi-scale fusions, it is 

essential to use HRNet as the SR foundation, consequently improving HR representations to enable SR. 

Deconvolution processes are also taken advantage of to bring back high-resolution (HR) reconstructions from low-

resolution (LR) images. The objective is to generate more comprehensive aggregated features, surpassing the 

existing highest development methods in restoration with LR images. In the future, our focus will be on studying 

advanced multi-scale transform methods that incorporate the SR job to utilize characteristics extracted from 

medical Images used in HRNetV2 effectively. Quantitative and qualitative proof proves the strategy is effective 

in the experimental outcomes. 
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