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Abstract: 
This project explores the use of Generative Adversarial 

Networks (GANs) to address this challenge by generating realistic 

synthetic medical images that can augment existing datasets. GANs, 

composed of a generator and a discriminator in a competitive 

framework, can create high-fidelity images that resemble real medical 

images, such as X-rays, MRIs, and CT scans. 

The proposed project focuses on developing a GAN model optimized 

for medical image synthesis and augmentation, improving its capacity 

to generate domain-specific features crucial for accurate diagnosis. 

Additionally, the model's synthetic data will be evaluated for quality 

and utility by training classification and segmentation models to assess 

the efficacy of GAN-augmented datasets in improving diagnostic 

performance. This project aims to facilitate a robust framework that 

mitigates data scarcity, supports enhanced model training, and 

ultimately contributes to the broader field of AI-driven healthcare 

solutions. 

Single image super-resolution (SISR) has played an important role in 

the field of image processing. Recent generative adversarial networks 

(GANs) can achieve excellent results on low-resolution images with 

small samples. However, there are little literatures summarizing 

different GANs in SISR. In this paper, we conduct a comparative study 

of GANs from different perspectives. We first take a look at 

developments of GANs. Second, we present popular architectures for 

GANs in big and small samples for image applications. Single image 

super- resolution (SISR) has played an important role in the field of 

image processing. Recent generative adversarial networks (GANs) can 

achieve excellent results on low- resolution images with small 

samples. 

KEYWORDS: Medical Image, Generative Image, Computer 

Vision, Skin disease detection, multi- class classification, 

Convolutional Neural Network, Deep learning, Image 

classification. 

 

1. INTRODUCTION 

Single image super-resolution (SISR) is an important branch in the 

field of image processing. It also aims to recover a high-resolution 

(HR) image over a low-resolution (LR) image, leading to in its wide 

applications in medical diagnosis video surveillance and disaster relief 

etc. For instance, in the medical field, obtaining higher-quality images 

can help doctors accurately detect diseases. Thus, studying SISR is 

very meaningful to academia and industry. To address SISR problem, 

researchers have developed a variety of methods based on degradation 

in obtain a HR image was a simple and efficient method in SISR, i.e., 

nearest neighbour interpolation, bilinear interpolation and bicubic 

interpolation, etc. It is noted that in these interpolation methods, high- 

frequency information is lost in the up-sampling process. 

Alternatively, reconstruction- based methods were  

 

 

developed for SISR, according to optimization methods That is, 

mapping a projection into a convex set to estimate the registration 

parameters can restore more details of SISR Although the mentioned 

methods can overcome the drawbacks of image itself information 

methods, they still suffered the following challenges: non-unique 

solution, slow convergence speed and higher computational costs. For 

instance, Dong et al. proposed a super-resolution convolutional neural 

network (SRCNN) based pixel mapping that used only three layers to 

obtain stronger learning ability than these of some popular machine 

learning methods on image super-resolution. Although the SRCNN 

had a good SR effect, it still faced problems in terms of shallow 

architecture and high complexity. To overcome challenges of shallow 

architectures, Kim et al. designed a deep architecture by stacking some 

small convolutions to improve performance of image super-resolution. 

Tai et al. relied on recursive and residual operations in a deep network 

to enhance learning ability of a SR model. To further improve the SR 

effect, Lee et al. used weights to adjust residual blocks to achieve better 

SR performance. 

2. LITERATURE SURVEY 

A literature survey on the topic of "Skin Disease Detection and Multi-

Class Classification using Convolution Neural Network (CNN) 

Model" involves exploring existing research, publications, and 

advancements in the field. Below is a summary of key research papers 

and findings related to this topic. Please note that the field of machine 

learning and medical image analysis is rapidly evolving, so there may 

be more recent studies available. 

Title: "Dermatologist-level classification of skin cancer with deep 

neural networks” Authors: Esteva, A., Karpel, B., Novoa, R. A., et al. 

Published: Nature, 2017 

Summary: This paper presents a deep learning model trained on a large 

dataset of skin images. The CNN achieved performance comparable to 

dermatologists in identifying skin cancer, demonstrating the potential 

of deep learning in dermatology. 

2.Title: "A survey on deep learning in medical image analysis" 

Authors: Lütjens, G., Kooi, T., Bernardi, B. E., et al. 

Published: Medical Image Analysis, 2017 

Summary: This survey provides an overview of deep learning 

applications in medical image analysis, including skin disease 

detection. It discusses the challenges, trends, and potential future 

directions in using deep learning for medical image classification 

tasks. 

Hai, Jiang, et.al. (2023) [7] A novel Retinex-based Real-low to Real- 

normal Network (R2RNet) is proposed for low-light image 

enhancement, which includes three subnets: a Decom-Net, a Denoise- 

Net, and a Relight-Net. These three subnets are used for decomposing, 

denoising, contrast enhancement and detail preservation, respectively. 

Our R2RNet not only uses the spatial information of the image to 

improve the contrast but also uses the frequency information to 
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preserve the details. Therefore, our model achieved more robust results 

for all degraded images. Unlike most previous methods that were 

trained on synthetic images, they collected the first Large-Scale Real- 

World paired low/normal-light images dataset (LSRW dataset) to 

satisfy the training requirements and make our model have better 

generalization performance in real-world scenes. Extensive 

experiments on publicly available datasets demonstrated that our 

method outperforms the existing state-of-the-art methods both 

quantitatively and visually. In addition, our results showed that the 

performance of the high-level visual task (i.e., face detection) can be 

effectively improved by using the enhanced results obtained by our 

method in low-light conditions.research focuses on using ML 

algorithms to analyze threat patterns from cybersecurity reports and 

dark web data. Python-based NLP and clustering techniques help 

extract meaningful insights from unstructured text data. Studies 

highlight that integrating ML-driven CTI with security information 

and event management (SIEM) systems improves proactive threat 

mitigation. 

Xiong, Wei, et.al. (2022) [8] tackle the problem of enhancing real- 

world low-light images with significant noise in an unsupervised 

fashion. Conventional unsupervised approaches focus primarily on 

illumination or contrast enhancement but fail to suppress the noise in 

real-world low-light images. To address this issue, they decoupled this 

task into two sub-tasks: illumination enhancement and noise 

suppression. They proposed a two-stage, fully unsupervised model to 

handle these tasks separately. In the noise suppression stage, they 

propose an illumination-aware denoising model so that real noise at 

different locations is removed with the guidance of the illumination 

conditions. To facilitate the unsupervised training, they constructed 

pseudo triplet samples and propose an adaptive content loss 

correspondingly to preserve contextual details. To thoroughly evaluate 

the performance of the enhancement models, they build a new 

unpaired real-world low-light enhancement dataset. Extensive 

experiments show that our proposed method outperforms the state-of- 

the-art unsupervised methods concerning both illumination 

enhancement and noise reduction. 

Zheng, Shen, et.al. (2022) [9] proposed a semantic-guided zero-shot 

low-light enhancement network (SGZ) which is trained in the absence 

of paired images, unpaired datasets, and segmentation annotation. 

Firstly, they design an enhancement factor extraction network using 

depthwise separable convolution for an efficient estimate of the pixel- 

wise light deficiency of a low-light image. Secondly, we propose a 

recurrent image enhancement network to progressively enhance the 

low-light image with affordable model size. Finally, we introduce an 

unsupervised semantic segmentation network for preserving the 

semantic information during intensive enhancement. Extensive 

experiments on benchmark datasets and a low-light video demonstrate 

that our model outperforms the previous state-of-the-art. They further 

discuss the benefits of the proposed method for low-light detection and 

segmentation. 

Wu, Yirui, et.al. (2022) [10] proposed an edge computing and multi- 

task driven framework to complete tasks of image enhancement and 

object detection with fast response. The proposed framework consists 

of two stages, namely cloud-based enhancement stage and edge-based 

detection stage. In cloud-based enhancement stage, they establish 

connection between mobile users and cloud servers to input rescaled 

and small-size illumination parts of lowlight images, where 

enhancement subnetworks are dynamically combined to output several 

enhanced illumination parts and corresponding weights based on low- 

light context of input images. During edge-based detection stage, 

cloud-computed weights offers informativeness information on 

extracted feature maps to enhance their representation abilities, which 

results in accurate predictions on labels and positions for objects. By 

applying the proposed framework in cloud computing system, 

experimental results show it significantly improves detection 

performance in mobile multimedia and low-light environment. 

Sun, Ying, et.al. (2022) [11] proposed a low-light image enhancement 

algorithm based on improved multi-scale Retinex and Artificial Bee 

Colony (ABC) algorithm optimization in this paper. First of all, the 

algorithm makes two copies of the original image, afterwards, the 

irradiation component of the original image is obtained by used the 

structure extraction from texture via relative total variation for the first 

image, and combines it with the multi-scale Retinex algorithm to 

obtain the reflection component of the original image, which are 

simultaneously enhanced using histogram equalization, bilateral 

gamma function correction and bilateral filtering. In the next part, the 

second image is enhanced by histogram equalization and edge- 

preserving with Weighted Guided Image Filtering (WGIF). Finally, 

the weight-optimized image fusion is performed by ABC algorithm. 

The mean values of Information Entropy (IE), Average Gradient (AG) 

and Standard Deviation (SD) of the enhanced images are respectively 

7.7878, 7.5560 and 67.0154, and the improvement compared to 

original image is respectively 2.4916, 5.8599 and 52.7553. The results 

of experiment show that the algorithm improves the light loss problem 

in the image enhancement process, enhances the image sharpness, 

highlights the image details, restores the color of the image, and also 

reduces image noise with good edge preservation which enables a 

better visual perception of the image. 

 

3. PROPOSED SYSTEM 

The purpose of a proposed system is often to improve efficiency, solve 

existing challenges, or introduce new capabilities. It serves as a 

blueprint or a conceptual framework that stakeholders can review and 

evaluate before deciding whether to proceed with its implementation. 

The process of proposing a system usually includes conducting a 

thorough analysis of the current system or situation, identifying the 

goals and requirements, and then presenting a detailed plan for the new 

or modified system. This plan may be subject to review, feedback, and 

refinement before moving forward with the actual development and 

deployment of the system.. 

 

 

 

 

 

Figure 1: Proposed LIME system 

Applications: 

LIME's enhanced images can be used in a wide range of applications, 

including: 

• Surveillance systems (improving nighttime video quality) 

• Astrophotography (capturing stars and galaxies in low-light 

conditions), 

• Consumer photography (improving smartphone camera 

performance in dimly lit environments). 

Advantages: 

LIME is a technique that leverages deep learning and image processing 

to enhance images captured in low-light conditions. It offers several 

advantages, making it a valuable solution for various applications: 
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• Improved Visibility: LIME significantly improves the visibility 

of images captured in low-light environments. It enhances details, 

enhances contrast, and brightens dark areas, making objects and 

features more discernible. 

• Reduced Noise: LIME includes noise reduction mechanisms, 

which help in reducing the noise present in low-light images. This 

results in cleaner and more visually appealing images. 

• Enhanced Details: The algorithm preserves and enhances fine 

details in the image, which is crucial for applications like 

surveillance, where capturing intricate details is essential. 

• Customization: LIME often provides parameters that allow users 

to customize the enhancement process. Users can adjust 

parameters such as the strength of enhancement, gamma 

correction, and more to achieve the desired visual effect. 

• Automatic Enhancement: While customization is available, 

LIME can also operate with default settings, making it suitable 

for users who may not have expertise in image processing. 

• Realism: LIME's enhancements are designed to maintain the 

natural and realistic appearance of the scene. It avoids over- 

processing that can result in unnatural-looking images. 

• Quality Metrics: The algorithm often includes the calculation of 

image quality metrics like PSNR (Peak Signal-to-Noise Ratio) 

and SSIM (Structural Similarity Index), allowing users to 

objectively measure the improvement in image quality. 

• Versatility: LIME is versatile and applicable in various domains, 

including surveillance, consumer photography, astronomy, 

medical imaging, and more. It addresses the common challenge 

of low-light conditions in these fields. 

4. EXPERIMENTAL RESULTS 

Figure 2. Sample Images 

Figure 1 shows a collection of original images that are taken in low- 

light conditions or have poor lighting quality. These images serve as 

the input to the proposed image enhancement model. These images are 

the input images that the model will process in order to improve their 

visibility and quality. The purpose of this figure is to provide a visual 

representation of the types of images that the model is designed to 

enhance. 

Figure3: Enhanced Image 1 

 

Figure 4: Enhanced Image 2 

 

 

 

 

 

 

 

 

 

Figure 5: Enhanced Image 3 

Figure 2 displays a set of images that have been processed or enhanced 

by the proposed image enhancement model. These are the output 

images that produces improved visibility and quality of these images 

compared to the original low-light images shown in Figure 1These 

metrics are numerical values that provide insights into the image 

quality, with higher PSNR and SSIM values and lower MSE values 

indicating better image quality. The purpose of this figure is to visually 

demonstrate the effectiveness of the proposed image enhancement 

model by showing the enhanced images and providing quantitative 

metrics that measure the improvement in image quality. 

PSNR 

• The peak_signal_noise_ratio function calculates the Peak Signal-

to-Noise Ratio, which is a widely used metric to measure the 

quality of an image. 

• It compares two images, typically the original and the enhanced 

image, and computes a value that indicates how much noise or 

distortion is present relative to the maximum possible quality. 

• The result is a numerical value, often in decibels (dB). Higher 

PSNR values indicate higher image quality. 
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5. CONCLUSION  

This groundbreaking work signifies a substantial leap forward in the 

realm of image processing and computer vision. LIME, with its 

unwavering focus on the formidable task of improving images 

captured in low-light environments, presents a formidable solution that 

not only enhances image quality but also enhances visibility. By 

harnessing the power of deep learning methodologies, this initiative 

adeptly tackles prevalent issues encountered in low-light image 

processing, including noise reduction, addressing insufficient contrast, 

and preserving crucial details that might otherwise be lost. A key 

highlight lies in the remarkable versatility and adaptability exhibited 

by LIME. This innovative solution grants users the flexibility to finely 

adjust enhancement parameters, ensuring that the resultant output 

precisely aligns with specific requirements and individual preferences. 

Furthermore, the incorporation of robust quality assessment metrics 

such as PSNR, SSIM, and MSE facilitates a quantitative evaluation of 

the efficacy of the enhancement process. This meticulous approach 

guarantees that the enhanced images not only possess visual appeal but 

also uphold or even surpass the quality standards set by their original 

counterparts.  

The far-reaching impact of the LIME project transcends disciplinary 

boundaries, finding resonance across a myriad of domains. In the realm 

of surveillance, where bolstering nighttime video quality holds 

paramount significance for ensuring security, LIME emerges as an 

invaluable tool. Similarly, in the field of astronomy, this 

groundbreaking initiative aids in capturing the intricate nuances of 

celestial bodies, such as stars and galaxies, under challenging lighting 

conditions. Moreover, within the realm of consumer photography, the 

project serves as a beacon of innovation by enhancing smartphone 

camera performance, particularly in dimly lit environments, thus 

empowering users to capture high-quality photos even amidst adverse 

lighting conditions, thereby enriching their photographic experiences. 

While LIME has achieved significant success, there are several 

promising avenues for future research and development. First and 

foremost, optimizing the algorithm for real-time processing is a 

priority, especially for applications like live video enhancement, where 

speed is critical. Developing adaptive algorithms that can 

automatically adjust enhancement parameters based on image content 

and lighting conditions could enhance user experience and 

convenience. 
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