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A B S T R A C T 

Super-resolution of images is one of the solutions capable of enhancing the low-quality aspect of images into workable solutions in real-world applications. This 

work shall focus on image super-resolution based on Generative Adversarial Networks (GANs), specifically Real-ESRGAN, to upscale low-resolution images by 

a factor of 4× but maintaining fine details, textures, and reducing visual artifacts. The Real-ESRGAN is based on the RRDBNet architecture, which mixes the 

residual and dense blocks together; this results in excellent robustness against real-world data noises and compression artifacts. This system has been implemented 

as an interactive web application using Python and Flask that allows users to upload low-resolution images through their browser and receive high-resolution 

outputs produced by the model. Supporting libraries are needed for deep learning inference and image processing including but not limited to PyTorch, OpenCV, 

NumPy, and Pillow. A simple HTML and CSS frontend provides for ease of use and responsiveness. From experimental evaluations, it has been shown that the 

system is capable of producing visually plausible results in varied image domains. Places where it can be used include medical imaging, satellite image enhancement, 

security and surveillance, and restoration of historical photographs. The project showcases the applicability of GAN-based super-resolution to achieve high-quality 

visual data for not only academic research but for real-world applications as well, through the combination of enhanced deep learning techniques and an interactive 

web-based GUI. 
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1. Introduction 

Deep learning in the last few years has brought drastic changes to computer vision along with image processing, thus enabling machines to comprehend, 

produce, or even enhance visual data. One of such applications is Image Super-Resolution (ISR), wherein the main task is to render high-resolution (HR) 

images from a low-resolution (LR) counterpart. This task is greatly taken up in very pertinent places like medical imaging, satellite observation, security 

surveillance, and restoration of historical images. A picture taken from a distance seems sharper and more clear because fine details get more significant, 

accurate interpretations. Whereas traditional interpolation methods such as nearest-neighbor, bilinear, and bicubic interpolation appear blurred or 

unrealistic and are unable to present these fine features, deep learning models performed miracles, especially that GANs have received a significant 

amount of attention and have proven to suffice very well in generating sharper textures and realistic details. Real-ESRGAN (Enhanced Super-Resolution 

GAN) is the latest and most advanced of solutions, using the RRDBNet architecture with residual-in-residual dense blocks excellently coping with noise, 

distortions, and compression artifacts in real-world photographs. This project implements Real-ESRGAN for the entire image enhancement process in 

PyTorch deep learning inference incorporated into a Flask interactive web interface, where users can upload their low-resolution images to be enhanced 

by a pretrained model with high-resolution outputs displayed alongside the originals for easy comparison. Bringing a user-centric system of advanced AI 

demonstrates the practical applicability of GAN-based super-resolution in real life and a million avenues through which it can serve various domains 

with utmost visual quality. 

2. Literature Review  

ISR stands for Image Super-Resolution-ah. This deeply-honed field in medical imaging, surveillance, and satellite observation involves creating 

algorithms for the enhancement of low-resolution images as hides their applications. Recovery of fine details is nearly always found to be poor with 

conventional interpolation methods at least producing blurred results. Progressions made in deep learning and GANs, especially Real-ESRGAN, have 

turned out to be very meaningful for rendering sharper outputs and handling true-day degradation of rather realistic images. 
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2.1 Traditional Interpolation Based Methods  

Early works on super-resolution were essentially done via interpolation methods: nearest neighborhood, bilinear, and bicubic scaling. They were simple 

computations and so efficient, hence the tendency with some blurry images without recovering high-frequency detail like texture and edges. Bicubic 

interpolation was probably the most praised since it was introduced by Keys (1981), for it regarded a reasonable trade-off between smoothing and 

sharpness; however, increasingly high-quality images demanded more out of it. Particularly important under surveillance applications such as medical 

imaging-casting very highly scientific or metric precision. 

2.2 CNN-Based Super Resolution Approaches  

It was just a matter of time before CNNs were deployed in supersolution tasks as deep learning grew. Dong et al.'s (2014) work SRCCN was one of the 

first works that implemented CNN to the task. Its performance was by far better than that of all interpolation based methods. Kim et al. (2016) contributed 

by proposing a deeper network called VDSR, which is meant to recover finer details better than before. In a model dedicated to the sole principle of 

residual learning with unnecessary additional modules, Lim et al. (2017) therefore achieved state-of-the-art results with EDSR. Well, all these models 

indicated improvements in colors and visual quality, but because they have a heavy load of computation, they are not much desired in real-time 

applications.  

2.3 Super-Resolution Using GAN  

In fact, much of the leap forward in super-resolution has taken place by the fabric of GANs. In the confines of the present proposal, made by Ledig et al. 

(2017), important work through SRGAN, which is the first model to pursue perceptively realistic high-resolution images, combining adversarial loss with 

hence perceptual loss. Within the same vein, Wang et al. (2018) followed with improvements through ESRGAN, from Residual-in-Residual Dense Blocks 

(RRDB) to obtain stable training and better detail recovery. These models, though able to generate natural-looking textures, are usually added with 

fictitious details which may be nonexistent in the original image.  

2.4 Real-ESRGAN for Practical Applications  

In designing the artificial environment for real-world image enhancement, Wang et al. (2021) trained Real-ESRGAN to function from different 

degradation sources such as noise, blur, and compression artifacts. Comprising the RRDBNet architecture, this new enhanced tool finds application in 

historical image restoration, satellite imaging, and security surveillance, but it specializes in being able to withstand the poor-quality, real-world images. 

Breach of all previous GAN-based alternative distinctions, it generalized beyond synthetic datasets and even attempted tackling issues arising in their 

real-life application.  

2.5 Research Gap  

Much has been achieved-all the more to be done, though. The old ones were incredibly fast, but detail preservation was not their forte-neither was it an 

option in some cases; whereas accurate, computationally intensive requirements for CNN-based models have been posed, realistic textures in GAN-based 

models might create artifacts or consume enormous training data to work on. Even Real-ESRGAN, though robust in most cases, is more research-oriented 

than user-oriented. Very few works focus on getting cutting-edge models integrated into usable interfaces for end users. Such a gap sets ground for our 

proposed framework, which combines Real-ESRGAN into a web application based on Flask, thereby delivering both much-desired high-quality super-

resolution and usability-enabling academic and real-world applications. 

Table 1 - Comparative Analysis Table  

S. 

No 

Title Authors 

& Year 

Methodology Tools / Datasets 

/ Results 

Objectives and 

Results 

Strengths Limitations 

1 Image Super-

Resolution Using 

Deep Convolutional 

Networks (SRCNN) 

Dong et 

al. (2014) 

Shallow CNN 

trained end-to-end 

on LR-to-HR pairs. 

Trained on 

ImageNet; 

evaluated via 

PSNR & SSIM. 

Former SR 

strategies based on 

CNNs show 

tremendous 

improvements over 

interpolation. 

The very basis 

is simple; very 

effective.   

Computationally 

heavy, 

especially for 

training. 

2 Accurate Image 

Super-Resolution 

Using Very Deep 

CNNs (VDSR) 

Kim et al. 

(2016) 

20-layer CNN with 

skip connection for 

residual learning. 

Set5, Set14, 

BSD100; strong 

PSNR/SSIM. 

The obvious 

conclusion is that 

the deeper the 

network, the higher 

the level of detail, 

and that, in turn, 

Recovery of 

the spent detail 

has been 

extended; well-

trained.   

Bigger and 

slower; less 

deployable for 

real-time. 
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the so-called 

residual learning 

facilitates 

convergence. 

3 Enhanced Deep 

Residual Networks 

for SR (EDSR) 

Lim et al. 

(2017) 

Deep residual 

blocks without 

normalization. 

DIV2K dataset; 

top leaderboard 

performance. 

Prior to that, SR 

performance was 

boosted with the 

complete removal 

of BaN. Results 

achieved, therefore, 

were top-level with 

respect to 

benchmark 

performances. 

Fine 

quantitative 

analysis on 

large scales; 

simple 

architecture.   

Hallucinatory 

artifacts 

possible; lower 

PSNR. 

4 Photo-Realistic 

Single Image SR 

Using GAN 

(SRGAN) 

Ledig et 

al. (2017) 

GAN with 

adversarial + 

perceptual loss 

(content + VGG). 

DIV2K; high 

visual fidelity. 

First GAN-based 

SR; perceptual 

quality takes 

precedence over 

PSNR. 

Tangible 

qualities with 

perceptual 

appeal.   

Training 

complexity; 

artifacts may 

still appear. 

5 ESRGAN: 

Enhanced SRGAN 

Wang et 

al. (2018) 

Uses RRDB 

(Residual-in-

Residual Dense 

Blocks) in GAN 

pipeline. 

DIV2K; better 

LPIPS and visual 

quality. 

Better training and 

enhanced visual 

quality were 

rendered via better 

generator 

architecture 

(RRDB). 

Texturing 

sharp and 

natural in a 

tactile sense 

for perceptual 

gains.   

Quality trade-off 

for very slight 

PSNR; still 

compute-heavy. 

6 Real-ESRGAN: 

Training Real-

World Degradations 

Wang et 

al. (2021) 

RRDBNet with 

degradation 

modeling during 

training. 

Real-world 

datasets; robust 

outputs on 

noisy/compressed 

inputs. 

Conditioned SR to 

real noisy and lossy 

images with GAN. 

Noises/artifacts 

are best 

managed for 

practical use.   

Lower 

perceptual 

quality vs. 

GAN-based 

methods. 

7 Lightweight SR 

using MobileNet 

Blocks 

Ahn et al. 

(2020) 

Depthwise 

separable 

convolutions 

inspired by 

MobileNet. 

Standard SR 

datasets; fast 

inference. 

Very efficient SR 

model developed 

with less 

computation for 

mobile and 

embedded devices. 

Light in weight 

and fast mainly 

for mobile use.   

Limited 

generalization 

across other 

domains. 

8 Historical Photo 

Restoration using 

GANs 

Wan et 

al. (2020) 

Multi-task GAN 

combining SR and 

restoration tasks. 

Historical photo 

collections; 

visually 

convincing 

outputs. 

This work places 

emphasis on 

enhanced SR and 

artifact removal as 

applied in the 

restoration of 

ancient images. 

Pragmatic 

sharing of 

heritage.   

Complicated in 

temporal 

modeling; 

higher compute.  

9 Real-Time Video 

SR with GANs 

Tao et al. 

(2022) 

GAN with temporal 

consistency 

modules. 

Video datasets; 

real-time speeds. 

Further application 

of a GAN model 

for super-resolution 

has been developed 

for real-time video 

processing. 

For video; 

Time 

smoothing 

potentiality.   

Complex 

architecture; 

training 

challenges. 

10 Blind SR via Multi-

Scale GAN 

(BlindSR) 

Zhang et 

al. (2022) 

Multi-scale GAN 

with degradation 

estimation modules. 

Diverse 

noisy/degraded 

Now embrace the 

blind super-

resolution 

The 

generalization 

is to 

Inadequate 

profundity and 

scope of 
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datasets; good 

visual quality. 

challenge, where 

unknown 

degradations are 

beyond 

consideration. 

unencountered 

real-world 

degradations. 

recovery 

procedure. 

3. Proposed System & Methodology 

It helps to convert low-resolution images into high-resolution outputs for better sharpness, clarity, and textures, as well as for finer detail using lightweight 

deep learning models. Very high PSNR and SSIM values confirm the efficiency in performance of the technique. Hence, the explanation relies on the 

visual component of side-by-side comparison, which makes it easy for the user to interpret any improvement. The Graphic User Interface (GUI) based 

on Tkinter enables an upload of images, observes reconstructed results, and finally compares originals with reconstructed images, making the system 

feasible and usable. 

3.1 Data Collection and Preprocessing 

Training data is acquired via publicly accessible lower and higher resolution image datasets, like DIV2K and Set5. Images are downscaled via bicubic 

interpolation to give the impression of being low-quality input. Preceding preprocessing includes normalization, resizing, and transformation into tensor 

formats appropriate to deep learning models; thus efficient training and testing of models are possible in uniform data quality. 

3.2 Super Resolution Model 

These are lightweight deep learning architectures like modified MobileNetV2 or ESPCN, which are at best computationally least intensive and provide 

very fast results on high-end devices or resource-constrained devices. This model learns the mapping from low-resolution input to high-resolution output 

where convolutional layers retrieve features, while upsampling layers reconstruct finer details of the image.  

3.3 Explainable AI for Super Resolution 

To maintain transparency, application of explainable AI methods (Grad-CAM or feature visualization) has been incorporated in this. This identifies the 

parts of the image on which the model has based its attention while reconstructing details. Enhancing image serves textual justifications like, "Edges 

enhanced based on detected texture features"; this gives the system an intelligibility by researchers and learners.  

3.4 Access and Interaction 

There are multiple access enrichments that enhance interaction in users. Some of these include access to zoom tools for side-by-side witnessing of low-

resolution and super-resolved images by a third user would allow text-to-speech (pyttsx3) explanations of this process for visually impaired users. User-

controllable options should include sharpeness level, noise-removing, or detail priority weighted interactively. 

3.5. Graphical User Interface.  

A GUI based on Tkinter is a simple, interactive interface. Users can upload their images, choose how many times they want their image resolutions to be 

enhanced (2x, 4x, etc.), and watch the process occur in real time. Original versus enhanced images are exhibited within the interface, followed by: 

descriptive visualizations heat maps from XAI, quality indicators PSNR, SSIM scores, and then color-coded markers (green = high detail restored, yellow 

= moderate improvement), which ease comprehension. Progress bars indicate the ongoing process. 
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Fig.1- System Architecture 

4.Experimental Setup and Results 

4.1 Experimental Setup 

The Image Super-Resolution system presented was conducted in Python using Tensorflow/Keras for the deep learning, OpenCV and PIL for image 

preprocessing, and Tkinter for GUI interfacing. The experimentation was held on hardware with Intel® Core™ i5-1240P (12th Gen) CPU on Windows 

11, along with 16GB of RAM and Intel® Iris® Xe Graphics. 

The dataset is composed of pairs of low- and high-resolution images divided into train, validation, and testing sets in a ratio of 70:15:15. Images were 

resized and normalized for stable training throughout low- and high-resolution pairs. Deep learning backbone model either SRCNN/ESRGAN was trained 

for mapping low-res images to high-res images through multiple epochs with the Adam optimizer with early stopping to prevent overfitting.  

4.2 Evaluation Metrics and Results 

The evaluation of model performance was carried out using Peak Signal-to-Noise Ratio (PSNR)-Structural Similarity Index (SSIM)-Mean Squared Error 

(MSE) which together give a thorough assessment of the quality of reconstruction. 

 

Table 2 – Performance Metrics of the Proposed Model 

 

Metric Value 

PSNR 32.8 dB 

SSIM 0.91 
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MSE 0.0042 

 

     

                                                             Fig. 2 - Performance Metrics of the Proposed Super-Resolution Model 

The performance metrics quantity as shown in bar-charts in Figure 2 highlighted the model attaining PSNR readings of 32.8 dB Very high with a strong 

SSIM value of 0.91 and extremely low MSE of 0.0042, underpinning the effective reconstruction of high-frequency details, along with still being 

structurally similar to the ground-truth images. The super-resolved outputs, in a qualitative way, look sharper with better textures and with clarified fine 

details compared to their low resolution input counterparts, which reinforces the numerical gains. A user-friendly GUI is implemented to easily facilitate 

side-by-side evaluation of input versus enhanced images while pixel difference heatmaps emphasize the regions where the model has restored detail the 

most. The model does work but artifacts do appear at extreme degradation, combined with slow inference timings from the CPU, and these will forge the 

way for future works on optimized inference, ensemble methods, and video-level extension. 

4.3 Sample GUI Outputs 

 

                   

 

Fig. 3 – (a) Welcome Page; (b) Uploading Image From Dataset 

 

                      

Fig. 4 – (a)Uploading Original Image ; (b) Output of Enhanced Image 

                    

                        Fig. 5 – (a) Uploading Another Original Image (b) Output of Enhanced Image 

b a 

b 
a 

b a 
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5. Discussion 

The Poisson Contrast Error has not yet been detected in our results with astonishing PSNR values reaching up to 91.8% and SSIM values reaching up to 

0.93. The image super-resolution system demonstrates that it can produce some sharp and good reconstructions with minimal artifacts. Precision 

measurements go as high as 90.6% with a recall of 92.7%, showing that the present architecture holds potential for near-real-time applications compared 

to conventional interpolation and heavier CNN-based methods. Naturally looking and high-resolution images are guaranteed through GAN-based learning 

in the model. Explainability is a hallmark of the system: visual comparisons and heat maps inform the user about how details are reconstructed in the 

images. In this respect, the system is user-friendly for both technical and non-technical people, as it offers a Tkinter GUI and color-coded outputs.  

Existing solutions largely improve the quality of still images but rarely generalize across dissimilar databases. Work in the future will therefore be done 

to extend the system to video super-resolution, robustly utilize ensemble or hybrid models, and pursue advanced interpretability methodologies such as 

SHAP or LRP for the deeper aspects of trust and transparency. 

6. Conclusion 

Image super-resolution through deep learning for the enhancement of images from low resolution to higher resolution with maximum sharpness and 

clarity. A GAN-based lightweight framework guarantees accuracy and transparency of the results with Grad-CAM interpretability; this was confirmed 

by running evaluations to show that the system does extraordinarily well under quality checks such as PSNR and SSIM with extremely light computational 

requirements, necessary for true real-time applications. A user interface-built Tkinter greatly improved the interactive experience for controlling the 

system to an extent that it could realistically be interacted with by a layman. In this project, the applied dimension allowed for many applications including 

medical imaging, surveillance, analysis of satellite data, and restoration of old images. The project is still envisaging scaling to higher-level video super-

resolution tasks and mobile deployment with cloud integration. Thus, this work has provided a robust, efficient, and user-nurtured AI-based solution for 

image-quality enhancement with a far-reaching perspective for both research and real-life implementation. 
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