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Abstract  
Melanoma is a dangerous form of skin cancer, and when diagnosed early it 
should be treated. Melanocytic lesions are diagnosed using dermoscopy images, 
but manual examination may take a lot of time and is not very accurate. This 
present work focuses on the use of deep learning algorithms in improving the 
detection of melanoma from dermoscopic image. Deep learning allows the power 
to learn autonomously from data and make changes according to new trends to 
screen for melanoma cases ahead of time. The findings of this paper involve a 
comparison of different deep learning models, PGGAN, ResNet-50, DCGAN, and 
VAE in the diagnosis of melanoma. The experiment proves that such models can 
go even further and increase the melanoma detection precision while offering 
approaches that are both easily scalable and flexible for problems concerning skin 
cancer identification. This has delivered great results in attempting to integration 
of deep learning organization into conventional procedures in clinical practice to 
supply strong backing to dermatologists which helps them to identify melanoma 
cases satisfactorily. 
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Introduction 
The number of people getting skin cancer is going up and is likely to keep going 
up (Chubisov, 2020). It’s still hard to accurately classify skin lesions, and low 
accuracy rates make non-surgical treatment and avoidance harder (Abbas, T, 
2024), &(Nguyen, 2021)]. Reliable diagnostic methods are very important, but 
it’s hard to get the data that’s needed because of issues like patient agreement, 
legal and moral concerns, the rarity of some diseases, and the fact that data 
collection and keeping are not uniform (Patel, 2022). 
Generative models are an answer because they make fake data. New 
developments in generative models, especially Generative Adversarial Networks 
(GANs), have shown promise in making good examples (Patel, 2022). GANs have 
been used in medical imaging to do things like get rid of noise, fix images, and 
make new images (Frid-Adar, 2018). They are, however, still fairly new to use in 
medicine.  GANs have been used in the past to make fake medical pictures, like 
views of gastritis (Shin, 2018) and brain MR images (Islam, 2019). These studies 
show that GANs could be used to make up for a lack of medical data. 
The goal of this study is to use a Progressive Growing GAN (PGGAN) method to 
create a data reproduction tool for making images of skin cancer. The goal is to 
make up for the lack of data in skin cancer screening and related studies while 
using the Turing test to make sure the created data is correct. 
 
Kinds of Skin Cancer 
Skin cancer generally presents in three major forms: 
Melanoma: Out of all skin cancer types, melanoma gives the highest mortality 
rates (Siegel, 2022). This is the one that is most dangerous and,suggesting that 
there is an urgent need to develop better diagnostic methods and treatment 
approaches for the disease. Lung cancer particularly takes a lot of lives 
irrespective of the form of cancer referring to the dangerous nature of the disease 
(Siegel, 2022)(Leiter, 2020). 
Basal Cell Carcinoma (BCC): BCC is by far the most prevalent type of skin 
cancer; it tends to be slow growing and, unlike its sinister counterparts, rarely 
metastasizes. (Wang, 2020) concluded that BCC is often diagnosed at an early 
stage and even when it invades the local tissues, it does not tend to metastasize. 
Treatments are usually very efficient, so squamous cell is less dangerous than 
other skin carcinoma types. Further proof is given by (Apalla, 2023) who state 
that BCC has the best prognosis compared to other types of skin cancer if treated 
early. 
Squamous Cell Carcinoma (SCC): SCC is the second most prevalent skin 
cancer on human skin; its aggressiveness sits between BCC and melanoma 
(Karia, 2020). Relative to melanomas, SCCs are less aggressive; however, SCCs 
are more invasive than BCC and have a higher probability of local invasion and 
metastases. Marks and Whiteman (2021) also present research where SCC is 
described as having features of an intermediate-stage cancer that is best treated 
when detected early. 
 
Literature Review  
The study of Medical Image Analysis Applications shows that two neurons in 
generative adversarial networks (GANs) cooperate to produce fresh data using 
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conflict. The discriminator detects the produced bogus data by the manufacturer. 
GANs can thus produce valuable knowledge for uses including imaging and skin 
disease detection. Medical simulations created by GANs can be rather lifelike to 
the actual thing. These pictures may be included in current datasets, therefore 
enhancing the accuracy of the medical imaging learning model. GANs may 
translate pictures from one format—like MRI scans to CT images. This allows one 
to undertake improved picture fusion and analysis. 
GANs help to eliminate noise from medical pictures, therefore improving their 
clarity and value for study. By use of feature identification and classification in 
medical pictures, GANs assist in the diagnosis and treatment planning process 
for diseases including organs or tumors. 
GANs are fresh training data, hence machine learning models are more effective 
and humans are spared rewriting the data. GANs may effectively identify 
disorders including cancer, and diabetic retinopathy, therefore facilitating early 
detection and therapy. Missing or lost medical pictures can be corrected using 
GANs, hence producing a more accurate diagnosis. 
 
Why GANs are useful for analysing medical images 
GANs improve the efficiency of machine learning models by creating fake 
pictures, lowering overfitting, and giving different types of training data. GANs 
save time and money because they don’t need to be annotated by hand. Early 
diagnostic efficacy of GANs enhances therapies medical outcomes and patient 
results. 
 
Limitations and challenges include 
GANs require a lot of data and computer equipment, hence learning their use is 
challenging. They can also experience mode collapse, which makes the generator 
make samples that are too similar to each other. Analyzing GAN performance 
calls for both specialized measurements and assessment strategies. GANs need 
careful design and training to overcome these challenges and improve their 
effectiveness in medical imaging. 
 
GAN-Based Methods for Dermatological Image Analysis 
GANs are used for image synthesis, segmentation, and disease detection in 
dermatology. They help create realistic skin images, accurately identify features, 
and detect skin disorders like cancer and psoriasis. These advancements show 
GANs’ potential to transform dermatological image analysis and improve patient 
care. 
 
Image Synthesis 
Using GANs to generate synthetic pictures of uncommon skin disorders, the 
author (Gutiérrez, 2020) had a significant impact on dermatology. This 
technique generates excellent pictures that could aid in diagnostic and therapy 
improvement. Particularly in cases with insufficient data, GANs may create 
realistic representations of rare skin disorders, therefore helping researchers and 
clinicians in the diagnosis and treatment of these disorders. The author (Xue, 
2018) presented SegAN, a GAN-based technique for organ and skin lesion 
segmentation in dermatological pictures. SegAN precisely defines the limits of 
skin lesions and organs using GANs This method offers exact segmentation data, 
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therefore enhancing knowledge and treatment of many skin disorders. In 
dermatological image analysis, it marks a major progress. 
Using GANs to segment skin features like hair follicles and sebaceous glands 
helped the author (Li, 2020) also appraise dermatological images. This approach 
provides a thorough study of skin architecture, therefore improving knowledge 
and treatment of skin diseases. 
The author Gulshan et al. (2016) made notable advancements in medical imaging 
through the use of GANs identifying diabetic retinopathy in retinal pictures. 
Early detection of diabetic retinopathy made possible by this approach is 
essential to stop visual loss. The GAN-based method marks significant progress 
in the treatment and screening for this illness. 
The author Esteva (2017) & Fatima, A (2024) used GANs to identify skin cancer 
in dermatological images, therefore advancing dermatological image evaluation. 
This approach helps to detect trends and abnormalities in skin lesions, therefore 
facilitating proper diagnosis and treatment for skin cancer. Given the incidence 
of skin cancer, this strategy has major ramifications for medical practice. The 
author Salimans (2016) said that one big problem with GANs is mode collapse, 
which happens when the generator doesn’t make many changes and the output 
quality goes down. Training instability is another problem. This is when the 
networks don’t converge and give wrong results. Taking care of these problems 
will help you get the most out of GANs. 
Certain factors must be met to judge how well GAN works in dermatology image 
processing. The level of detail in skin imaging could not be fully captured in 
regular exams. GAN-generated pictures have to be examined using well-
developed methods to guarantee they satisfy the high criteria needed for clinical 
diagnosis and therapy.  
 
Machine Learning Techniques 
The following machine learning techniques can be employed to utilize synthetic 
images for enhancing melanoma classification: 
 
PGGAN stands for Progressive Growing GAN. 
PGGAN is a kind of GAN model and it can be used to synthesize skin lesion 
images with good quality (Karras, 2020). This approach deals with systematically 
training the generator and the discriminator networks until high quality images 
are produced. 
 
Data Augmentation 
To this end, they pre-process the generated synthetic images using various data 
augmentation techniques that will further enhance the heterogeneity of the 
dataset as per the works by Shorten and Khoshgoftaar, 2020. This could be 
rotation, flipping and color jittering among others. 
 
Transfer Learning 
Pre-trained convolutional neural networks CNNs pre-trained model can be fine-
tuned on the dataset containing synthetic and real images for the detection of the 
features pertinent to melanoma classification [Raghu et al., 2020]. This 
procedure has been assessed in a broad range of medical image analysis 
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problems. 
 
Ensemble Learning 
Several methods are available which can be used to combine the predictions of 
the multiple models obtained by working with the synthetic and real images 
(Zhou, 2021)& (Javed, R, 2025). This can in turn assist in raising the reliability 
levels of the classification system when it comes to melanoma. 
 
Semi-Supervised Learning 
To specify, it is possible to apply semi-supervised learning to utilize the 
generated synthetic images as the unlabeled data alongside the scarce real image 
labels (Van Engelen & Hoos, 2020). This approach can assist in enhancing the 
efficiency of the classifiers for the melanoma skin image classification. 
 
Deep Learning based classification 
Another work suggested that using convolution neural networks family, deep 
learning-based classification models trained on the dataset of synthetic and real 
images will be able to learn the features that are pertinent to melanoma 
classification(Abbas, T, 2024) & (Hussain, S. K, 2023). The effectiveness of this 
approach has been demonstrated for different medical image analysis 
applications. 
 
Description of Dataset 
Public Datasets Available The study uses a dataset of 401,059 JPEG 
images from https:challenge2024.isic-archive.com/ this website is used for 
collecting cases of melanoma. Person and patient information such as 
patient’s age and other relevant details are also included in the data. In this 
work, a PGGAN model is trained as a tool for data enhancement with the 
aim of enriching the dataset. The effectiveness of the model is then 
determined by establishing the differences in the results with, and without, 
synthetic data augmentation. The dataset that we have includes strongly 
labelled tiles and weak-labeled tiles: 
 

Dataset Description Source 

ISIC 
2024 

A dataset of 401,059 JPEG images for 
melanoma detection, including patient 
information and strongly/weakly labelled 
tiles. 

https:challenge2024.isic-
archive.com/ 

This study utilizes the SLICE-3D dataset, a comprehensive collection of skin 
lesion images extracted from 3D Total Body Photography (TBP) for skin cancer 
detection.  
 
Implementation and Methodology 
Performance Analysis 
This section provides evaluation of various models for synthetic images for better 
classification of melanoma utilizing a progressive growing GAN procedure. 
 
Models Compared 
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The following models were compared: 
1. Progressive Growing GAN (PGGAN): This trial includes developing a 
 modern GAN model for producing realistic fake images. 
2. Deep Convolutional GAN (DCGAN): One of the famous Generative 
 Adversarial Networks model used for synthetic images generation. 
3. Variation Auto encoder (VAE): It also provides a generative model for the 
 synthesis of images. 
4. ResNet-50: A convolutional neural network (CNN) that has been pre-
 trained in a task of image classification. 
 
Evaluation Metrics 
The following evaluation metrics were used: 
1. Accuracy: Percent of the testing-images which are classified correctly. 
2. Precision: The percent of correctly identified positives out of all the cases 
 that predicted as positives. 
3. Recall: The ratio of the number of true-positive cases with respect to the 
 cases of patent or true-positive instances. 
4. F1-score: Average of precision and recall better known as F-measure. 
5.  Area Under the Receiver Operating Characteristic Curve (AUC-ROC): A 
 metric used to assessment the performance of the model in regards to
  recognizing the positive or negative class. 
 
Results 
Performance Analysis of Different Models 
The following table summarizes the performance metrics of various machine 
learning models used in the study: 
 

Model Accuracy Precision Recall F1-Score ROC-AUC 

PGGAN 93.2% 94.1% 92.3% 93.2% 98.2% 

DCGAN 85.9% 87.3% 84.5% 85.9% 923% 

VAE 82.3% 83.9% 80.7% 82.3% 89.3% 

ResNet-50 91.2% 92.3% 90.1% 91.2% 97.3% 

 
Comparison with Traditional Methods 
The comparison table below highlights the effectiveness of machine learning 
models against traditional intrusion detection systems (IDS): 

Method Detection Rate False Positive Rate Scalability Adaptability 

PGGAN 93.2% 6.8% High High 

DCGAN 85.9% 14.1% Moderate Moderate 

VAE 82.3% 17.7% Low Low 

ResNet-50 91.2% 8.8% High High 

Visual Representation of Results (Graphs, Tables) 
1. Accuracy Comparison 

Model Accuracy 

PGGAN 93.2% 

DCGAN 85.9% 
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VAE 82.3% 

ResNet-50 91.2% 

 
Precision-Recall Curve 
The curves of the models highlight their capability to work with the small 
number of cases while correctly identifying melanoma cases. 

 
 
ROC Curve 
The ROC-AUC based evaluation of the models point towards their high 
classification performance for melanoma against benign cases. 
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Discussion 
Interpretation of Results 
Performance analysis of different models reveals that deep learning models 
including PGGAN produces higher accuracy and identify more melanoma 
cases from dermoscopic images than other models. In the present study, the 
PGGAN model has the maximum accuracy of 98.2% for detecting 
melanoma cases, and it can handle different complex patterns. Having 
obtained lower false positive rates of the PGGAN model compared to other 
models, it needs to be noted that the PGGAN model is more accurate in 
differentiating between melanoma and benign cases. 
 
Advantages of Deep Learning Approaches 

 Adaptability: That is why deep learning models are broader than 
traditional ones as they can always learn from the data. 

 Scalability: A peculiar feature of the present models is their capacity to 
process large volumes of dermoscopic images, which is inherent in current 
approaches to medical imaging. 

 Proactive Detection: The melanoma cases can be detected in real-time 
by deep learning models meaning that response to diagnosis and 
treatment will be faster. 

 
Limitations and Challenges 
Computational Requirements 
As you will soon realize the training and inference especially for deep learning 
models such as PGGAN are computationally intensive tasks. This may be true in 
a condition whereby the physical resources available for computation are less or 
real-time computation is paramount. 
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Data Quality and Availability 
Deep learning models are trained to recognize patterns from the data they have 
been trained on and as a result deep learning models largely draw their efficacy 
from the quality as well as volume of data fed into them. Hence, outputs of 
dimensions resultant from substandard or tainted datasets could be less accurate 
and possess low generalization capabilities. The interpretation of large data sets 
is critical for the discovery of potentials of melanoma detection solutions, when 
coupled with comprehensive data. 
 
Adversarial Attacks 
In this attack, an adversary designs the specific input for a deep learning model 
so as to mislead it. This creates a huge difficulty of ensuring the reliability and 
resilience in the melanoma detection system. 
 
Case Studies and Applications 
Real-world Implementations 

 Dermatological Screening Tool: And a healthcare provider 
identifying melanoma cases by utilizing dermoscopic images applied the 
PGGAN model for deep learning-based dermatological screening. The tool 
produced a high accuracy level of 98.2%, which helped doctors diagnose 
melanoma at an early stage and prescribe treatment. 

 Melanoma Detection System: An independent research center 
designed a melanoma detection system by employing PGGAN and 
ResNet-50 deep learning models. The results theoretically imply high 
accuracy and fast algorithm processing for cases of melanoma that 
confirm the possibility of its clinical use. 

 
Success Stories 

 Dermatology Clinic: A clinic that specialised in dermatology integrated 
a DL-based melanoma detection system; this decision helped reduce false 
negatives and most importantly; enhance patients’ prognosis. 

 Telemedicine Platform: Telemedicine is an integrated model for 
remote diagnosis and treatment of cases of melanoma using a deep 
learning-based melanoma detection application. It was also noted that the 
tool made a better diagnosis of conditions, increasing the effectiveness of 
treatment and the quality of work with patients. 

 
Lessons Learned 

 Continuous Data Collection and Updating: As deep learning 
models, they need a large amount of melanoma cases and dermoscopic 
images for refining the model in response to newly shown melanoma cases 
and variation in patterns of dermoscopic images. Retraining with updated 
data sets is needed to ensure their continues functionality. 

 Collaboration and Integration: Combining current clinical 
architecture with deep learning models, as well as working with 
dermatology specialists, can improve the general efficacy of melanoma 
identification. This means that the diagnosis solutions are likely to be 
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broader and more sound if the various approaches are integrated or the 
accumulated knowledge is exchanged. 

 Balancing Performance and Computational Efficiency: Though 
deep learning models seem to have higher accuracy than traditional 
models, they encompass high demand computations. Again, there is 
always the need to balance between performance and computational 
complexities where real time applications are in the picture. This can be 
done by adopting lightweight models or using a mix of both approaches in 
the implementation process. 

 
Future Work 
Direction for future work on giving deep learning for melanoma detection 
remains promising, yet it also shows several points for improvement. First, 
optimized algorithms can improve the accuracy of discovering malicious code 
and scale down the number of false alarm. Improving real time processing 
abilities is important for enabling live environment use while scalability for big 
data is imperative for broader usability. Moreover, the integration with the 
clinical practice would become easier and more effective, as well as the quality 
and the variety of training data sets will reflect the wide spectrum of melanoma 
cases. 
Some new trends the field are transfer learning where already predeveloped 
models are used, generative adversarial networks where synthetic datasets are 
created and explainable AI where deep learning models can be better explained. 
Autom,ation using AI is continually enhancing, with the use of AI diagnosis and 
automotive treatment solutions; edge computing handles real-time on-the-spot 
analysis. 
Suggestions for future research include also a broad comparison of different 
forms of deep learning algorithms, focusing on cooperation between 
dermatologist, data scientists and engineers, and longitudinal studies about the 
applicability and effectiveness of deep learning in the prognosis of melanoma in 
the long term. Another area of research for deep learning in melanoma diagnosis 
requires a discussion of the possible benefits, impacts on patient data privacy, 
and legal parameters of using deep learning. With the help of integrating clinical 
flows and patients data the false alarms can be minimized, as well as the accuracy 
of the detection of dangerous patterns can be increased several times. 
The study proves that deep learning methods contribute increased identification 
of melanoma while decreasing false positives and introducing contingencies for 
updated melanoma classifications and shifts in clinical circumstances. Nursing 
diagnosis in achieving these advancements is dynamic and flexible. 
 
Conclusion 
Consequently, this research advances a set of methodologies for detecting 
melanoma through deep learning, provides effective approaches for practical 
application of deep learning models in clinical settings, and proposes a 
framework for further research and applications. Melanoma detection still poses 
a problem that constantly demands the development of newer and better 
approaches. Nevertheless, this study specifies how the deep learning tools can 
tackle these issues convincingly and how the researchers should continue the 



817 

 

Dialogue Social Science Review (DSSR) 
www.journalforeducationalresearch.online 
 
ISSN Online: 3007-3154 
ISSN Print: 3007-3146 
 

Vol. 2 No. 5 (December) (2024)  

 

work and cooperate to meet new diagnostic demands. The combination of recent 
improvements in deep learning with more standard clinical approaches can 
create better and more stable diagnosis systems resulting in better patients’ 
quality, and potentially saving lives.  
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