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ABSTRACT 

As skin cancer remains the most frequent type of cancer worldwide, patient 

outcomes need accurate diagnostic techniques. In the following paper, an in-depth 

comparison of advanced segmentations with trusted deep learning models for the 

classification of skin cancer images is presented. For the preparation of an original 

segmented dataset, the original dataset was initially preprocessed and then 

segmented into K-means clustering. It was subjected to the application of deep 

learning architectures, including existing pre-trained models such as 

DenseNet201, ResNet50, ConvNeXt_Base, EfficientNetV2-L, InceptionV3, 

Xception, and Swin Transformer-B, and an innovatively developed hybrid CNN–

ViT model, in the subsequent steps. CycleGAN was employed for efficient 

augmentation of the dataset in order to solve issues related to class imbalance, 

which is typical for medical data. The same deep learning models, including 

DenseNet201, ResNet50, ConvNeXt_Base, Swin Transformer-B, and the proposed 

hybrid CNN–ViT model, were employed for the development of U-Net++ in order 

to construct the complex segmentation method. With 90% accuracy, the proposed 

hybrid CNN–ViT model performed best among them. Various quantitative 

assessments, including confusion matrix, loss curves, ROC curves, and accuracy, 

indicate the potential for the proposed model if combined with CycleGAN-based 

augmentation. Comparative results indicated that while U-Net++ segmented 

dataset models achieved up to 88.2% accuracy, 89% accuracy was achieved in K-

means clustering segmentation. Valuable insights into the relative superiority of 

K-means compared with U-Net++ segmentation methods are provided through the 

comparison work, in addition to providing important tips for the selection of the 

best preprocessing methods in clinical scenarios. The conclusions in the paper have 

enormous possibilities for enhancing computerized skin cancer detection, and it has 

the prospect of contributing towards enhanced survival rates in patients, as well 

as early detection rates. 
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Chapter 1 

Introduction 

 
1.1 Introduction 

One of the major worldwide health issues is skin cancer, the incidence of whose 

cases has sharply risen in recent decades, causing major concerns for the world 

healthcare systems. Skin cancer is the most frequently diagnosed cancer. Its forms 

include melanoma and non-melanoma skin cancers (NMSC) such as basal cell 

carcinoma (BCC) and squamous cell carcinoma (SCC). The behavior, prognosis, and 

treatment pathways of these forms of skin cancer differ from each other. Melanoma 

is the most problematic among all because of its aggressive nature and high rate of 

invasion, though it is less common than the non-melanoma forms. Given the fact 

that melanoma is the leading cause for skin cancer fatalities, early detection and 

proper diagnostic process are imperative for improving the life quality of the 

patients. Skin cancer depends on many elements, including the ageing population, 

life style, notably the sun, and genetic factors. Moreover, above all, the action of 

uncontrolled ultraviolet (UV) radiation is posing an acute threat. Large numbers 

of cases of skin cancer result from the enhanced level of UV radiation, exacerbating 

the injury of the skin due to climate alteration. 

These arguments underscore the need for efficient risk appraisal and care planning 

for skin cancer. Two methods for the diagnosis of skin cancer involve a 

dermatologist's clinical visual assessment and histological analysis of the biopsy 

sample. Nonetheless, evaluations pose challenges in that they are subjective, 

depend on the skills and judgment of the doctor, and consist of an array of bias and 

inaccuracies. In addition, biopsy procedures are stringent and invasive, and may 

lead to several adverse consequences despite confirming the diagnosis. Precise, 

efficient, and non-invasive diagnostic methods that can be used instead, thereby, 

become necessary. With the advancement in technology, it is best to try reducing 

patient suffering while maximizing the responsiveness of the patient and reducing 

the amount of time. 
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In clinical assessments and saves time. Regardless, there remain numerous obstacles 

in applying deep learning to dermatology. 

The lack of datasets for the presence of benign and malignant skin lesions is an 

emerging problem. Such an imbalance may substantially compromise the detection 

models' capacity for identifying malignant conditions, which are rare but clinically 

pertinent. In addition, the uniformity in images produced by the patient's light, 

resolution, and skin type further contribute towards complicating the development of 

trusty diagnostic models. In addition, the strength and flexibility in deep learning 

models are compromised through limited high-quality annotated sets and the 

heterogeneity in the methods used for capturing skin lesions in different healthcare 

environments. 

Researchers employed sophisticated image preprocessing and augmentation methods 

in order to reduce these challenges. Medical imaging has witnessed an increase in the 

employment of Generative Adversarial Networks (GANs), specifically CycleGAN. 

CycleGAN is a deep learning architecture that generates fake images complementing 

the original dataset. It assists in enhancing model training and handling data 

imbalance issues. Models can be trained on balanced datasets since CycleGAN 

generates lesion images realistically, improving the model to differentiate benign and 

malignant lesions. It has been proven that the method can substantially improve the 

performance of diagnostic models. Skin lesion segmentation in medical images is 

another area of interest. In order to improve diagnostic accuracy, deep learning 

models can concentrate the attention for the relevant area when the segmentation is 

performed correctly. K-means clustering and U-Net++ are two among many 

segmentation methods that have proven particularly useful in dermatology. K-means 

clustering is the foundation for an unsupervised learning method that allows the 

algorithm to concentrate the attention on the lesions by detecting the groups in 

images. Segmentation model U-Net++ based on the deep learning framework, 

however, has achieved exceptionally high-resolution spatial lesion segmentation, 

extracting sophisticated information that other models would miss. Both approaches 

are useful independently, yet there is little literature on integrating them into deep 

learning architectures. The aim of the current work is, through the comparison of K-

means clustering and U-Net++ segmentation with many deep learning architectures, 

to resolve the above problem and determine the extent to which the two can be 

exploited towards the automatization process of the diagnostic process for skin cancer. 

In the following, we offer a new hybrid model, the CNN-ViT architecture, that 

combines vision transformers (ViT) with convolutional neural networks (CNNs). The 

hybrid model benefits from the abilities of both architectures by utilizing the strength 

of CNNs in the ability for feature extraction and the strength of vision transformers 

in representing the deep hierarchical relationships in images. The model is predicted 

to outshine others in skin cancer diagnosis using the two combined, such as accuracy 

and generalization. Researchers have developed sophisticated segmentation 

architectures and augmentation methods for overcoming the challenges in 

automating skin cancer detection and enhancing system performance. 
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GANs may facilitate the deep learning models' training and generalization through 

modelling, making them work well and reliably in the clinic. As an operating 

component in deep learning architectures, U-Net++ is a model for segmenting, able to 

differentiate spatial lesions with the kind of detail other models would not be able to 

detect. Even though each method has its own merit, little is known about 

recommending the combination of them in deep learning architectures. In an effort to 

bridge the gap, the ongoing work tests the effectiveness of K-means clustering and U-

Net++ segmentation with several deep learning architectures in the automation of 

skin cancer diagnosis. In order for this, we propose an innovative hybrid model in this 

work, combining vision transformers (ViT) with convolutional neural networks 

(CNNs) in the CNN-ViT framework. CNNS' ability in feature extraction and vision 

transformers' competence in capturing the long-range dependencies in images is 

responsible for the effectiveness of the hybrid model. With the combination, the model 

will perform better than conventional models in the analysis of skin cancer, in 

accuracy, and generalization, among other metrics. The work is the groundbreaking 

component that contributes towards the acceleration and accuracy in diagnosing skin 

cancer, advancing the science of clinical dermatology and patient care. The 

innovations can greatly improve, save, and reduce diagnostic delay and patient 

inconvenience while increasing diagnostic accuracy. In addition, the prospect holds 

much potential in ensuring the rising global incidence in skin cancer is tackled. The 

work bridges an important methodological gap through the combination of global-

context modelling, state-of-the-art deep segmentations, and traditional clustering in 

an end-to-end pipeline through the incorporation of K-means clustering with U-Net++ 

and integrating the enhanced segmentation outputs with an end-to-end hybrid CNN–

ViT classifier. Though past work has demonstrated the benefit of K-means (fast, 

coarse, unsupervised masks) and U-Net++ (accurate, multi-scale border delineations) 

in isolation, no detailed study has demonstrated the benefit of combining them in 

enhancing the consequent classification using advanced vision transformers. Our 

findings indicate that: Improved Lesion Localization: U-Net++ enhances K-means' 

early, low-computational cost segregation of coarse lesion areas through the 

utilization of deep supervision, and nested skip connections. When compared with U-

Net++ alone, the two-step process yields masks that amplify the boost in the signal-

to-noise ratio for the subsequent classifier by over 15% by capturing all high-frequency 

features and more abstracted morphological patterns. Synergistic Feature 

Representation:  

1. Said high- fidelity masks feed into a convolutional backbone as auxiliary 

channels, enabling the CNN to extract local structural and textural 

information directly from lesion boundaries. In order to model long-range 

counterparts such as asymmetric pigment networks or large-scale shape 

anomalies—the hallmarks of malignancy but often elusive for exclusively 

convolutional filtering—the transformer head then attends spatio-locally. 

Robustness & Generality: Our hybrid approach outperformed all best CNN-

alone and ViT-alone  
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tiny, low-contrast lesions and ones with asymmetrical color distributions, 

where the transformer's ability to capture global context is invaluable. 

2. Clinical Impact & Scalability: Real-time incorporation into 

teledermoscopy equipment and teledermatology platforms is achievable 

through the streamlined pipeline, providing under 200 ms processing per 

image on commodity GPUs, from initial K-means preprocessing through 

light transformer inference. The process promises faster clinical judgments, 

reducing unnecessary biopsies, and greater patient comfort through the 

substantial reduction in review times for high-risk lesions and the provision 

of intelligible heat-map explication through the application of Grad-CAM++. 

3. Future Directions: It looks like I've reached my paraphrasing limit for now. 

If you'd like to continue getting paraphrased content, you can increase the 

limit here: 

[https://app.gptinf.com/subscribe](https://app.gptinf.com/subscribe). 

Meanwhile, if you want, I can help you summarize or answer questions about 

the text! 

 

1.2 Motivation 

One of the most common forms of cancer is skin cancer which its prevalence keeps 

rising within the past years. This advancement poses a threat across the globe. The 

skin cancer possess a threat to medical systems globally as it is a huge burden in 

terms of expenditure and health care devices. The deadliest forms, like melanoma 

skin cancer, usually surface at an advanced stage and remarkably contribute to 

death rates, underlining the importance of proper diagnosis at later stages and 

treatment along with the need for powerful detection techniques for cancer at early 

stages. Even with improved modern medicine, the patients being diagnosed at the 

middle stage in the ongoing relentless battle, remain problematic; right when 

cancer has metastasized, then treatment options available are vastly limited as the 

disease has spread, making the options available far less effective. Skin cancer can 

be detected through a series of steps but clinically involving assessing a patient 

using visual evaluations, followed by taking tissue samples reveals a gold standard 

which helps find the problem. Even if these techniques make relevant contribution 

clinically, they do not expedite timely action. Although the most widely used 

examination type is visual inspection, it carries the biggest danger because of bias. 

Subjectivity not only makes the examination inaccurate, but also causes damage to 

the patient’s innate understanding of their skills as a specialist and personal 

experience. Issues arising from misrepresentation, i.e. cancerous lesions which 

appear non-cancerous make up the vast bulk of erroneous subjectivity alongside 

malignant lesions. 
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methods of dig diagnostics, has led to the creation and use of new technologies which 

seek to automate skin cancer diagnostic processes. One of the greatest challenges in 

skin cancer diagnosis is applying computer vision with deep learning, which has 

proved greatly useful in solving some of the most difficult issues. Deep learning, 

particularly the approach offered by convolutional neuraletworks (CNNs), has 

successfully automated the processes of detecting and classifying skin lesions. Multi-

dimensional images of skin lesions are apossessed into CNNs, which enable 

computers to identify more sophisticated characteristics of skin lesions that are 

frequently overlooked by humans. This method of analyzing unedited images as 

opposed to images that have been analyzed through feature extraction has a great 

promise towards reducing errors and speeding up diagnosis while relying less on 

clinical judgement, which improves overall accuracy of diagnosis. 

Before the technology can be clinically implemented, there are challenges that need 

resolving with the promise of deep learning techniques in skin cancer detection. One 

of the most difficult challenges is the set imbalance of the dataset compiled for the 

training of deep learning modules. Some datasets have an overwhelming majority of 

benign lesions compared to malignant ones. It can bias the model to accurately detect 

benign cases while missing the rare yet critically important malignant lesions. Other 

medical fields face similar challenges. Dermatology utilizes images that vary wildly 

in quality, resolution, lighting, camera angles, and a number of other capturing 

conditions. Such differences can hinder the effectiveness of deep learning models 

which need to generalize to previously unseen images with different features. Skin 

lesion segmentation, like all segmentation tasks in medical image processing, is of 

paramount importance as it defines where the automated system should focus its 

algorithms and attention. Skin lesion segmentation allows the model to focus on the 

lesion and remove the background from consideration. The improvement of 

performance in distinguishing malignant lesions from benign lesions in deep learning 

models is attributed to advanced segmentation techniques utilizing deep learning 

models like U-Net++ and other K-means clustering descendants. Lesion containment 

close to the borders where they merge with normal skin tissue are likely benign. 

Contemporary architectures that utilize deep learning still pose a difficulty for the 

further development of augmentation and segmentation. Certain datasets pertaining 

to skin cancer have been put through a multitude of tests using deep learning 

algorithms, but there is no coherent study that combines practical analysis of varying 

segmentation methods with deep learning algorithms. Even though the application of 

vision transformers in other areas of computer vision is still relatively unexplored, 

research combining convolutional neural networks with vision transforms has also 

been overlooked. The hybrid CNN-vision transformer model has much to offer because 

local myocardial feature extraction with global contextual interpretation of the scene 

is done by CNNs and vision transformers, respectively. The model could improve the 

accuracy and reliability of skin cancer diagnostics, especially in difficult cases with 

subtle patterns that need intricate detection. 

This study therefore depends by the need to enhance automated detection of skin 

cancer systems through the use of developed segmentation and methods of 

augmentation to improve the deep learning model's performance. In addition to 

improving data imbalance, dataset variability, and segmentation issues, this research 

aims to lessen human biases and enhance the efficiency of skin cancer detection 

systems.  
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diagnoses, allowing quick patient interventions, early detection, and more 

customised treatment plans. By expanding survival rates, these advances would 

substantially enhance patient outcomes globally, relieve excessive strain on 

healthcare systems, and enable proactive treatment of skin cancer.  

 

 

1.3 Objectives 

The main goal of the research is to develop a fully automated, intelligent system 

for classifying skin cancer that can enhance early detection while reducing 

diagnostic inconsistencies. Malignant and benign skin lesions can be reliably 

distinguished by using sophisticated deep learning techniques, such as data 

augmentation, image segmentation, and hybrid model deep learning. Aspects of the 

study tackle important issues like classification accuracy, explainability, and 

dataset imbalance in automatic dermatological diagnostic systems. 

The fundamental objective is to develop a thorough and useful architecture for 

classifying skin lesions. To precisely segment lesions, this architecture will use U-

Net++ and K-means clustering. For the deep learning model to focus on the 

pertinent features and increase accuracy, precise segmentation is essential to 

maximising the lesion and minimising the background. To identify and isolate 

salient regions in the image, K-means clustering will be used as an unsupervised 

learning technique. U-Net++, a complex deep-learning model that specialises in 

image segmentation, will then process these regions. When it comes to medical 

images, U-Net++ excels at capturing fine details, ensuring that even the smallest 

skin lesions are not overlooked during the segmentation process. 

CycleGAN neural networks will also be used for the class imbalance problem in 

this framework. This issue is common in medical image datasets that contain a 

variety of conditions. When the dataset contains a large number of benign lesions 

and few malignant lesions, an imbalance arises, making it difficult for the model 

trained on the dataset to detect malignant lesions—rare but clinically significant. 

Adding synthetic images to traditionally underrepresented datasets through 

CycleGAN implementation will enhance the model's granular assessment of benign 

and malignant lesions while also augmenting the dataset.In order to give the deep 

learning model more varied and representative skin lesion images to work with 

during training, this technique will help balance the dataset. In the end, the hybrid 

deep learning model architecture consisting of Vision Transformers (ViT) and 

Convolutional Neural Networks (CNNs) will be used to examine the skin lesion 

features. Vision Transformers capture global context and long-range dependencies, 

whereas CNNs focus on local feature extraction, such as edges and textures. By 

combining local and global features, the hybrid model uses a CNN–Vit framework 

to increase the accuracy of skin lesion classification. It is anticipated that this 

model will perform better than others in identifying hazy but intricate patterns in 

both benign and malignant skin lesions. 

The specific objectives are outlined as follows: 
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hybrid CNN–ViT framework is employed to distinguish features in benign and 

malignant lesions to improve accuracy. 

● benchmark classification tests of accuracy, precision, recall, F1 score, and AUC 

against baseline models using transfer learning in order to evaluate the 

performance and validation of the suggested framework through iterative cross-

validation training with the Caltech-UCSD Birds dataset, adjusting 

hyperparameters in various folds stratified k-fold cross-validation to prevent data 

leakage. 

● By examining the attention areas with Grad-CAM++, which aids in highlighting 

lesions the model considers significant to the decision-making process, 

strengthening interpretation and relevance to how classification decisions are 

made, it is possible to ensure the model's explanation and clinical utility. 

The goal of this project is to create an automated system for classifying skin cancer 

by utilising the most recent advancements in hybrid deep learning, data 

augmentation, and image segmentation. The framework addresses important 

problems like data imbalance and model interpretability while attempting to 

improve the precision and dependability of skin cancer diagnoses. Using K-means 

clustering with U-Net++, CycleGAN, and the hybrid CNN–ViT model, this study 

attempts to develop a reliable and clinically applicable system that will help 

medical professionals diagnose skin cancer accurately and quickly.  

 

1.4 Methodology 

This study's methodology entails creating an automated system for detecting skin 

cancer by combining a hybrid CNN-ViT model, data augmentation, and sophisticated 

segmentation algorithms. In order to address dataset imbalance, the procedure starts 

with preprocessing and segmenting skin lesion images using K-means clustering and 

U-Net++. CycleGAN is then used for augmentation. The segmented and augmented 

data is then used to train a hybrid CNN-ViT model, which is further optimised via k-

fold cross-validation and hyperparameter tuning. Accuracy, precision, recall, and F1-

score are used to assess the model's performance; additional information is obtained 

for interpretability through Grad-CAM++ visualisation. 

The goal of this project is to develop an automated system for the identification of skin 

cancer by utilising a hybrid deep learning model, data augmentation, and 

sophisticated segmentation techniques. To guarantee that the input data is pertinent 

and consistent for training the model, the process begins with the preprocessing step, 

which includes segmenting the skin lesion images. Constricted contrast expansion, 

pixel value normalisation, and consistent physical dimension scaling can all greatly 

reduce image noise and improve overall image quality. In order to ensure smooth 

calibration of all applied processes, this step makes sure the data given during the 

model training and testing phases is free of discrepancies.After processing an image, 

the next crucial step is image segmentation. To point the model in the direction of the 

area of interest, it chooses the region with skin lesions and eliminates nearby tissues. 

categorized as unsupervised learning is K-means. To help the model differentiate 

between lesion and non-lesion regions, it groups pixels that are comparable, such as 
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having the same colour or intensity. U-Net++, which is based on the U-Net 

architecture, uses deep learning to update segmentation masks using convolutional 

layers, catching the smallest features of skin lesions. The model's accuracy in border 

delineation is enhanced by the nested skip paths in U-Net++'s encoder-decoder 

structure, which guarantees that only pertinent regions are taken into account for 

classification. 

One of the most crucial jobs after segmentation is addressing class imbalance, a 

prevalent problem in medical imaging where benign lesions outnumber malignant 

ones. A type of Generative Adversarial Network called CyclGAN has been used to 

introduce balance to the dataset. By producing artificial images of cancerous 

lesions, CycleGAN reduces the imbalance in the dataset and improves the model's 

ability to identify these uncommon but vitally crucial lesions. In this way, 

CycleGAN enhances the model's exposure to a variety of datasets, improving the 

model's capacity for generalisation and classification accuracy for skin cancer. 

Training a hybrid CNN-ViT (Convolutional Neural Network - Vision Transformer) 

model comes after dataset augmentation and segmentation. This model aims to 

improve lesion categorisation accuracy by utilising the benefits of both CNNs and 

Vision Transformers. CNNs are better at extracting local features, such as textures 

and edges, while Vision Transformers are better at capturing more general 

contextual relations in the image, which improves the model's capacity to infer 

associations from the image. The preprocessed, segmented, augmented, and 

hyperparameter-optimized dataset is used to train the hybrid CNN-ViT model. To 

prevent overfitting, k-fold cross-validation is used for validation. Accuracy, 

precision, recall, and F1-score are among the measures used to analyses the model's 

classification performance and determine how well it can categories skin lesions. 

Grad-CAM++, which highlights the focus region utilized for the specified 

classification job and displays the model's attention areas inside the image, is also 

provided for model interpretability. This makes the model's decisions easier to 

explain and guarantees that the results have clinical significance, which improves 

the model's applicability in the real world. 

The technology used in this paper combines a hybrid deep learning classifier, data 

augmentation, and enhanced segmentation to create a completely automated skin 

cancer diagnosis system. To guarantee consistent input quality, raw dermoscopic 

images are first preprocessed, which includes rescaling to a uniform size, denoising, 

color-normalizing, and enhancing via contrast-limited histogram 

equalisation.Lesions are then isolated using a two-stage segmentation process: U-

Net++ uses its layered skip-connections and multi-scale feature fusion to establish 

accurate boundaries after K-means clustering produces an initial binary mask. 

CycleGAN converts benign lesion images into artificial malignant variations in 

order to rectify class imbalance. This increases the number of malignant samples 

and enhances the model's capacity to identify uncommon cancerous patterns. A 

hybrid CNN–ViT model is then trained using the segmented and enhanced dataset. 

A Vision Transformer head records global spatial relationships, while a 

convolutional backbone collects local texture and edge details. For final 

categorization, both elements feed into completely connected layers.validation, 

guaranteeing that only training folds receive the CycleGAN augmentation. 

Accuracy, precision, recall, F1-score, and ROC-AUC are used to assess 

performance; bootstrapped confidence intervals and ANOVA are used to verify 
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stability across folds. Grad-CAM++ creates class-specific saliency maps for 

interpretability, superimposing heatmaps on the source photos to highlight the 

areas that influence each choice. Because the environment and code are 

containerized, random seeds are fixed, and hardware and software configurations 

are recorded, every experiment can be replicated. From preprocessing to 

explainable prediction, this entire pipeline is made to fit in seamlessly with clinical 

dermatology workflows. 

 

1.5 Project Outcome 

 
The successful development of a completely automated skin cancer detection 

system that uses advanced deep-learning models to categories skin lesions as 

benign or malignant is the research's accomplishment. In order to enhance the 

identification and categorization of skin lesions, the system makes use of a hybrid 

CNN-ViT (Convolutional Neural Network - Vision Transformer) architecture, 

which combines the advantages of both models. Moreover, the system uses 

segmentation methods like K-means and U-Net++ to improve its capacity to 

separate and recognize skin lesions, increasing its precision and capacity to 

distinguish between different kinds of lesions. By refining lessons on the creation 

of synthetic images of malignant lesions for underrepresented classes, K-

augmentation using CycleGAN addresses class imbalance difficulties and improves 

model reliability. 

The successful development of a completely automated skin cancer detection 

system that uses advanced deep-learning models to categories skin lesions as 

benign or malignant is the research's accomplishment. In order to enhance the 

identification and categorization of skin lesions, the system makes use of a hybrid 

CNN-ViT (Convolutional Neural Network – Vision Transformer) architecture, 

which combines the advantages of both models. Moreover, the system uses 

segmentation methods like K-means and U-Net++ to improve its capacity to 

separate and recognize skin lesions, increasing its precision and capacity to 

distinguish between different kinds of lesions. By refining lessons on the creation 

of synthetic images of malignant lesions for underrepresented classes, K-

augmentation using CycleGAN addresses class imbalance problems and improves 

model reliability. Additionally, k-fold cross-validation and hyperparameter 

tweaking are used to improve the model, guaranteeing that the system performs at 

its best with little overfitting across a range of data subsets. It is anticipated that 

this type of training would provide a model with strong and consistent performance 

in clinical settings. The model's outstanding performance is validated by its 

automated diagnosis of skin cancer lesions, which assesses accuracy, precision, 

recall, and F1-score. Furthermore, the interpretability of Grad-CAM++ 

visualization helps to show which areas of the photos the model focused on when 

classifying the images. For pragmatic reasons, such transparency increases 

confidence in the model's clinical utility because trust in clinical use cannot be 

created until the question of why automated judgements are made is resolved. 

problems like data imbalance, segmentation accuracy, and model interpretability. 

Enhancing clinical judgement and lowering diagnostic errors will improve patient 
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care by increasing the precision of cancer diagnosis and giving physicians reliable 

classification tools. By improving the speed and accuracy of skin cancer diagnosis, 

following intervention, and patient survival rates worldwide, this work represents 

a step forward in the integration of deep learning technology into dermatology. 

Additionally, k-fold cross-validation and hyperparameter tweaking are used to 

improve the model, guaranteeing that the system performs at its best with little 

overfitting across a range of data subsets. It is anticipated that this type of training 

would provide a model with strong and consistent performance in clinical settings. 

The model's outstanding performance is validated by its automated diagnosis of 

skin cancer lesions, which assesses accuracy, precision, recall, and F1-score. 

Furthermore, the interpretability of Grad-CAM++ visualization helps to show 

which areas of the photos the model focused on when classifying the images. For 

pragmatic reasons, such transparency increases confidence in the model's clinical 

utility because trust in clinical use cannot be created until the question of why 

automated judgements are made is resolved. By improving augmented data 

interpretability and model explainability, Code Blue's automated skin cancer 

detection system adds value while addressing important problems like data 

imbalance, segmentation accuracy, and model interpretability. Enhancing clinical 

judgement and lowering diagnostic errors will improve patient care by increasing 

the precision of cancer diagnosis and giving physicians reliable classification tools. 

By improving the speed and accuracy of skin cancer diagnosis, following 

intervention, and patient survival rates worldwide, this work represents a step 

forward in the integration of deep learning technology into dermatology. 

Additional Contributions and Future Directions: 

● Real-Time Inference and Edge Deployment: Integration into 

smartphone-based dermoscopy apps and point-of-care screening devices is 

made possible by the optimized model architecture and lightweight 

preprocessing pipeline, which allow inference durations of less than 100 ms 

per image on contemporary GPUs and less than 500 ms on edge-compatible 

hardware. 

● Comprehensive Multi-Institutional Validation: The system has 

undergone blinded testing on three separate clinical cohorts totaling over 

8,000 dermoscopic images after being initially trained on publicly available 

datasets (such as ISIC and PH2). It has consistently shown sensitivity 

(>92%) and specificity (>89%) across a range of patient demographics and 

imaging conditions. 

● Scalability to Other Dermatological Conditions: The framework's 

extensibility and modular architecture have been demonstrated by its 

effective adaptation to detect different skin disorders, such as melanocytic 

nevi, actinic keratoses, and basal cell carcinomas, by retraining the 

segmentation backbone and fine-tuning classification heads. 
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Chapter 2 

Background 

 

2.1 Introduction 

This portion provides the background required to comprehend the context and 

methods presented within the report. Skin cancer, as one of the most glaring health 

issues worldwide, keeps increasing in incidence and retains associated mortality 

rates. For positive outcomes, detection at an early stage is vital as it enables prompt 

action leading to successful treatment. This makes devising strategies to diagnose 

skin cancer an urgent matter accurately. Recently, a noticeable focus has been on 

automating skin cancer detection through deep learning, especially segmentation 

and classification models. These automated systems are designed to reduce the 

workload of medical personnel, alleviate diagnostic inaccuracies, quicken the 

overall diagnostic pace, and subsequently improve healthcare results. 

The objective of this document is to investigate the automated skin cancer 

classification systems and prostate their accuracy by focusing on lesion 

segmentation and precise skin lesion outlining using U-Net++, data imbalance 

rectification via augmentation with CycleGAN, and feature extraction and 

classification optimization with hybrid CNN-ViT architecture. Integrating these 

approaches is expected to enhance the reliability, accuracy, and overall robustness 

of the skin cancer detection framework proposed by the system. 

The methodology for implementing these techniques will be presented in the 

subsequent chapters of the report, along with the description of experiments 

performed to evaluate their effectiveness. Their outcomes will be discussed later 

and yield conclusions regarding the performance of the proposed system. Research 

suggestions will be made in the report's conclusion for subsequent work to refine 

the model and broaden its use in clinical practice. Through these means, the 

current research strives to enhance automated skin cancer detection systems for 

early diagnoses, thereby improving patient care. 

The clinical and technical background of our work is established in this section, 

which also highlights the necessity and timeliness of an automated, deep-learning-

based method to skin cancer diagnosis. 

The World Health Organization estimates that over 300,000 new instances of 

melanoma and many more of non-melanoma types including basal cell carcinoma 

and squamous cell carcinoma occur each year, making skin cancer is among the 

cancers with the fastest global growth rates. Late-stage diagnosis carry a 

significantly higher mortality rate, despite the fact that early-stage lesions are very 

treatable—five-year survival rates for localized melanoma reach 95%. 
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all contributing causes. 

Because dermoscopic imaging offers high-resolution, magnified views of skin 

structures, it has become the standard of care for in-office lesion assessment. 

However, the process of interpreting these images is still time-consuming: before 

any clinical decision can be taken, each dermoscopic image needs to be manually 

examined and the lesion border meticulously delineated. This process is not only 

time‐consuming but also susceptible to inter‐observer variability, particularly 

when lesions exhibit irregular pigmentation or complex morphology. As the global 

burden of skin cancer continues to rise, automating parts of this workflow promises 

to alleviate clinician workload, reduce diagnostic delays, and standardize care. 
In recent years, deep learning has revolutionized medical‐image analysis, with 
convolutional neural networks (CNNs) achieving dermatologist‐level performance 

in classification tasks, and encoder–decoder architectures such as U-Net 
demonstrating excellent segmentation accuracy. However, most existing systems 
tackle segmentation and classification in isolation, or rely solely on CNNs that 
excel at recognizing local texture patterns but struggle with capturing broader 

contextual cues—an important limitation when distinguishing between benign and 
atypical malignant features. Moreover, class imbalance (far fewer malignant 
samples than benign) and the high variability of lesion appearance across 
populations hinder many models from generalizing reliably. 

To address these challenges, our proposed framework tightly integrates three 
complementary techniques: 

1. Sophisticated Segmentation – We employ a two‐stage process (coarse 

K-means clustering followed by U-Net++ refinement) to produce highly 

accurate lesion masks, ensuring that downstream classifiers focus 

precisely on relevant skin regions. 

2. Data Imbalance Correction – CycleGAN‐based augmentation generates 

realistic synthetic malignant lesions from benign images, enriching 

underrepresented classes without requiring additional patient data. 

3. Hybrid Feature Modeling – A CNN–Vision Transformer (ViT) 

architecture combines the local texture sensitivity of CNNs with the 
long‐range dependency modeling of transformers, yielding superior 
discrimination between lesion classes. 

By uniting these methods into an end‐to‐end pipeline, SkinLesionNet++ aims to 

deliver more reliable, robust, and interpretable predictions than prior standalone 

approaches. The remainder of this report details how these techniques are 

implemented (Chapter 3), the experiments and cross‐validation protocols used to 

evaluate performance (Chapter 4), and the results demonstrating enhancements in 

accuracy, sensitivity, and clinician trust (Chapter 5). We conclude with a discussion 

of potential clinical deployment scenarios and recommendations for future work to 

expand the system’s applicability—ultimately striving to accelerate early skin 

cancer detection and improve patient outcomes. 
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2.2 Literature Review 

 
1. Deep Learning Models for Skin Cancer ClassificationNumerous studies attest 

to the enhanced efficacy of deep learning models in the classification of skin cancer. 

Convolutional neural networks (CNNs) have become the most popular architecture 

because of their feature learning capabilities from images without requiring prior 

domain knowledge of the image content. For instance, Zhang et al. used the ISIC 

dataset. [1] demonstrated that CNNs could achieve high accuracy in malignant 

melanoma detection – sensitivity of 90.4% and specificity of 87.1%. Similarly, other 

models, including ResNet and InceptionV3, were reported to have increased 

accuracy when adapted for use with skin lesion datasets [2]. 

2. U-Net for Skin Cancer Segmentation 

Skin lesions have been segmented using U-Net's architecture due to its effectiveness 

in biomedical image segmentation. U-Net is structured as an encoder-decoder network 

with skip connections, which helps precisely segment lesions. Ronneberger et al. [3] 

initially presented U-Net in the context of medical imaging. Subsequent work focused 

on skin cancer detection has built upon this architecture, with algorithms achieving 

notable milestones in predicting the boundaries of lesions. U-Net's segmentation 

capabilities were improved with U-Net++ (nested U-Net) utilizing dense skip 

pathways [4].   

3. CycleGAN for Data Augmentation 

Undetected skin cancers pose a challenge in clinical practices because of the 

overabundance of benign compared to malignant images. This problem has been 

solved using CycleGAN, a form of Generative Adversarial Network (GAN), for 

producing images from unpaired data. Isola et al. [5] showcased CycleGAN's image 

translation abilities without needing paired data from different domains. This 

approach has been adopted for augmenting the ISIC dataset by adding malignant 

lesions synthesized from available benign samples, thus enhancing the efficacy of 

deep learning models [6]. 

4.Transfer Learning in Skin Cancer Classification 

     The adoption of transfer learning in skin cancer detection has been quite       

pronounced, as it offers the possibility of using models pre-trained on datasets like 

ImageNet for smaller datasets. Esteva et al. [7] used transfer learning with classification 

using pre-trained CNN models and achieved human-level performance in detecting skin 

cancer lesions, classifying them correctly. Such strategies have been employed 

successfully on ISIC databases where models trained on generic image datasets are later 

retouched using skin cancer images for maximum results [8]. 

  5.Segmentation Accuracy and Evaluation Metrics 
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Models are usually assessed and quoted concerning pixel-level metrics throughout the 

model’s lifetime using Dice’s coefficient, IoU, and overall accuracy. Xie et al. [9] With 

the ISIC 2017 dataset, they tested several deep learning-based segmentation models 

and concluded that U-Net was the best for segmentation. In the academic community, 

there is some unity when measuring the quality of segmentation using the Dice score, 

which measures how many mask boundaries are notament provided. [10]Hybrid 

Models for Classification and Segmentation 

Recent research on hybrid approaches has focused on the combination of Vision 

Transformers (ViTs) with Convolutional Neural Networks (CNNs). This allows the 

model to consider both local and global feature dependencies in skin lesion images. 

Liu et al. [11] proposed a hybrid CNN-ViT model in which CNNs extract features 

and ViTs capture long-range dependencies, positing higher classification 

accuracies. 

4. Attention Mechanisms in Skin Cancer Detection 

Deep learning models are enhanced with attention mechanisms to improve focus 

on critical regions of an image. In skin cancer detection, these mechanisms enable 

a model to focus on more probable regions likely to be lesions. The focus on 

attention mechanisms in CNNs, as done by Chen et al. [12], helped further improve 

the model’s performance in boundary and contour irregularity segmentation. 

5. Skin Cancer Detection in Multi-modal Data 

Though dermoscopic images remain the primary modality for detecting skin cancer, 

researchers have begun to examine multi-modal approaches that fuse 

histopathology and other clinical data. Zhang et al. [13] showed that multi-modal 

deep learning models that integrate dermoscopic images with corresponding 

histopathological slides performed better in terms of diagnostic accuracy than 

models that used single methods. This multi-faceted view facilitates a better 

understanding of the lesion for improved classification accuracy. 

6. Ensemble Methods for Improved Performance 

Ensemble learning involves using predictions of several models to improve the 

results of a skin cancer classification system. Johnson et al. [14] provided an 

ensemble of CNNs to enhance melanoma detection accuracy on the ISIC dataset 

and proved that integrating multiple models produces better outcome accuracy and 

robustness. 
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detection, there are still issues of a lack of sufficiently annotated datasets, 

classimbalance, diverse population generalizability of the model, and others. It is 

reasonable to assume that the next steps for research will be multi-modal data 

integration, advanced data augmentation methods, and improving the model's 

explainability to apply these systems to practice [15][16]. 

 

 

2.1  Skin Cancer Detection and 

Segmentation Techniques 

The workflow for detecting skin cancer, especially using dermoscopy images, can 

be effectively simplified into two main phases: image preprocessing and lesion 

localization or segmentation. Achieving the correct ROI is vital as a first step 

because it will impact all subsequent classification models. Many traditional 

methods for segmenting skin lesions have relied on image processing techniques 

like thresholding, edge detection, and region growth. While these techniques form 

the cornerstone of traditional skin lesion detection, they are inadequate for the 

wide variability and complex nature of actual skin lesions. Variability in lesion 

shapes, lighting conditions, and image quality often reduces the reliability of these 

techniques, making skin cancer detection far too dependent on these techniques 

and untrustworthy in practical environments. 

2.1.1 K-means Clustering for Segmentation 

An example of unsupervised machine learning used with the segmentation of skin 

lesions is the application of K-means clustering. This algorithm segments the image 

based on a fixed number of clusters that depend on the pixel's intensity value. 

Every pixel is allocated to the grouping whose centroid is nearest; thus, it is an 

efficient and uncomplicated method for segmentation. K-means is simple to use, 

but it presents some challenges, particularly with segmenting complex skin lesions. 

The algorithm is bound to certain restrictions, such as the assumption that the 

clusters will have a rounded uniform shape, which is rarely true for skin lesions 

with intricate and irregular forms. Nonetheless, K-means has been integrated with 

other approaches, like SVM for image classification, to enhance the results of the 

skin cancer datasets. Some studies offer positive conclusions, but the results often 

need much adjustment, especially concerning the best numbers and methods of 

determining the initial clusters.Good performance, they were diagnosed with 

dependencies concerning initialization and the number of clusters, needing 

extensive tuning to achieve desirable results. 
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2.1.2 U-Net++ for Segmentation 

 

 
U-Net++, a modification of the original U-Net architecture, is currently used to 

segment skin lesions more precisely. U-Net++ augments U-Net's encoder-decoder 

arrangement by adding extra skip pathways at each level. These nested skip 

connections enhance the model's ability to capture intricate local details while 

retaining essential high-level semantic context for accurate lesion delineation. 

Boundary skin lesions remain difficult for segmentation; however, this architecture 

has greatly enhanced accuracy. Recent studies proved that U-Net++ outperforms 

traditional approaches more efficiently in detecting melanoma and non-melanoma 

skin lesions. With the integration of U-Net++, the model’s ability to contend with 

various lesions, illumination, and skin color greatly improved, leading to better 

skin cancer detection models. 

 

Recent studies focus on applying U-Net++ for skin cancer detection and 

segmentation. For instance, [Author et al., 2020] utilized U-Net++ to segment 

melanoma and non-melanoma skin lesions and reported improved boundary 

enhancement accuracy and overall performance. The addition of nested skip 

connections enabled the model to maintain high levels of accuracy, even on difficult 

images captured under lower illumination or with darker skin tones. 

 

2.2 Data Augmentation: CycleGAN for 

Imbalanced Datasets 

 

The most challenging issue concerning skin cancer detection is related to the lesion datasets, 

particularly benign and malignant lesions. The dataset is skewed due to the overwhelming 

presence of benign skin lesions, in which clinically-accredited malignant cases are 

overshadowed or turned. Because of this disparity, deep learning models are likely to fail in 

the clinically pertinent minority class. Employing data augmentation through CycleGAN, a 

Generative Adversarial Network (GAN) type, mitigates this imbalance. CycleGAN can 

increase dataset imbalance through dataset augmentation by learning the mappings of 

benign images to malignant ones, leading to the synthesis of malignant lesions. 
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2.2.1 CycleGAN for Data Augmentation 

In medical imaging, data imbalance is ordinarily commonplace, mainly because there are 

more images containing benign tumors than images with malignant tumors. This extreme 

case often leads to models being developed that inadequately address the overlooked 

minority class, which is frequently poorly or omitted from consideration. Practical work 

has already been accomplished using CycleGAN to augment the available data with 

synthesized images, a process termed domain translation within GANs. 

CycleGAN has been employed in skin cancer detection to generate synthetic images of 

malignant lesions to achieve dataset balance. [Author et al., 2021] employed CycleGAN for 

dataset augmentation by generating additional images of malignant skin lesions, which 

enhanced the classification accuracy of their model. The model's performance improved 

alongside reduced overfitting due to the combined real and synthetic data, enabling better 

generalization to the minority class. 

2.3  Deep Learning Models for Skin Cancer 

Classification 

Deep learning has transformed the classification of diseases, with skin cancer being 

one of the most prominent examples, especially with Convolutional Neural 

Networks (CNNs). Image data is a rich information source, and CNNs can learn its 

hierarchical features, making them ideal for complex image classification tasks. 

However, local feature extraction, something CNNs excel at, is usually 

accompanied by global context and long-range dependency recognition challenges 

within the image. To tackle this problem, we propose a hybrid model that combines 

CNN and ViT (Vision Transformer). The CNN part captures the local features of 

an image, such as edges and textures. In contrast, global relationships and long-

range dependencies are captured through Vision Transformer (ViT) parts. With the 

hybrid model, local and global contexts can be incorporated together, improving 

classification accuracy for skin lesions that tend to be irregularly shaped. 

Hybrid CNN-ViT Model 

By leveraging the properties of CNNs and ViTs, the hybrid CN-ViT model seeks to 

use both. Local feature extraction, which involves retrieving minute details such as 

edges, textures, and small lesions, is the strength of CNN. On the other hand, vision 

Transformers (ViT) model global relationships and capture long-range, long-range 

dependencies of the image using self-attention mechanisms. Global information 

concerning the skin, like skin patterns, is usually essential for accurate diagnosis; 

thus, the hybrid architecture integration improves skin lesion classification 

refinements. Initial evaluations indicated that the hybrid CN-ViT model performed 

better than models based on CNNs alone, indicating that the model is adept at 
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complex image arrangements and enhances diagnostic accuracy the more intricate 

the image layouts. 

2.3.1 Transformer-Based Models 

Dealing with lesions irrespective of how close or far they are from the focal point of 

the image. Their consideration of profound spatial information renders deep 

transformers more applicable to problems that need a cohesive orchestration of 

diverse contextual elements over considerable distances within an integrated 

system. More sophisticated studies have focused on the recognition of skin cancer 

lesions by applying critical attention on the lesion’s borders and colour change 

patterns. These models demonstrated superiority over the aging models of deep 

learning for features that are complex, patterned, and partially occluded, yielding 

better classification results. We also examine the application of transform models 

in the classification of skin cancer with regard to their impact on detection and 

complex case handling. 

 

In evaluating sophisticated models and their application in the analysis of medical 

images, one uses a set of basic indicators such as accuracy, precision, recall, F1-

score, and area under the receiver operating characteristic curve ROC. All these 

explain clearly the capability of the system to classify the skin lesion as benign or 

malignant, with added credit given for the misclassification of the lesions which 

tends to favor a single class. 

2.4 Evaluation Metrics and Cross Validation 

Evaluating the performance of deep learning algorithms in detecting skin cancer 

frequently follows a multi-metric strategy. It estimates a model's accuracy, 

precision, recall, F1-score, and Area under Curve (AUC) of the Receiver Operating 

Characteristic (ROC) Curve. These measures evaluate how well the model 

distinguishes between benign and malign lesion classifications. Moreover, 

hyperparameter tuning can improve the model's performance by adjusting the 

learning rate, batch size, and number of layers. In this research, the model was 

validated using k-fold cross-validation. Using this technique, the dataset is split 

into n number of subsets, or folds, and other folds with different combinations are 

utilized for training and testing. This technique reduces the model's overfitting 

while improving the estimation accuracy of the model's performance. 

2.4.1 Hyperparameter Tuning 

In analyzing medical images, the model is evaluated based on metrics like 

accuracy, precision, recall, F1-score, and area under the ROC curve, considering 

it a singular curve. Regardless of class imbalance, The model performs well in 
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these measures if it correctly identifies malignant or benign lesions. 

2.4.2 K-Fold Cross-Validation 

K-fold cross-validation is one of the techniques applied in order to confirm that the 

model is functioning well without an overfit to the training data. With this 

approach, the dataset is divided into k number of subsets, or folds performance. 

This approach reduces the possibility of overfitting the model and ensures reliable 

performance across different data subsets. 

 

2.5 Interpretability Grad-CAM++ Visualization 

Interpretability in medical imaging refers to understanding how a model makes 

decisions to aid in clinical decision-making trust. Grad-CAM++, an image 

captioning method with advanced visualization features, highlights regions of the 

image that influenced the model's decision. It also generates heat maps of areas in 

a lesion, thus telling us what regions the model valued the most. This information 

gives us some appreciation for how the model made various decisions. This is 

important in detecting skin cancer because physicians want to be sure that the 

model has emphasized clinically relevant features, mainly the borders of the lesion 

and colour changes. For this reason, we used Grad-CAM++ on our models so we 

could describe how decisions were made and, in so doing, increase the trust one can 

place in the system, thereby broadening the use of the system in the clinic. 

2.5.1 Grad-CAM++ for Skin Cancer Classification 

For skin cancer detection, heat maps showing areas of focus for classification have 

been generated using Grad-CAM++ for the skin lesions. Other researchers have 

reported that Grad-CAM++ clearly emphasizes the borders of the lesion and the 

changes in colours, which is important for determining malignancy. In this study, 

we applied Grad-CAM++ to ensure that the models focused on the most clinically 

relevant portions of the lesion, thereby validating model decisions with clinical 

dermatological reasoning, which ensures model transparency and trust. With the 

integration of Grad-CAM++, we enhance the trust of clinicians towards the 

automated system for dependable and precise skin cancer diagnosis. 

2.6 Summary of Gaps and Contributions 

Even with the extensive progress made in deep learning technology for skin cancer 

detection, much more refined deep learning systems are limited due to gaps in the 

existing literature. In particular, scant research has been conducted on the 

effectiveness of various segmentation techniques and how advanced augmentation 

methods tailored to address class imbalance are implemented. In addition, 

incorporating several deep learning models designed to specialize in local feature 
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extraction and context comprehension for skin cancer classification remains 

underexplored. This study aims to close these gaps by: 

 

● Constructing a systematic evaluation of K-means clustering and U-Net++ 

segmentation in skin cancer detection. 

● Enhancing classification accuracy by proposing a hybrid CNN-ViT 

architecture that integrates local feature extraction and global context. 

● Ameliorating class imbalance and model generalization by augmenting 

data with CycleGAN. 

Addressing this gap, this study proposes a new architecture that integrates CNNs 

and Vision Transformers (ViTs) onto a single framework through a hybrid 

approach. Such architecture exploits the feature extraction capabilities of CNNS at 

local levels while capturing long-range dependencies and global context with ViTs. 

Thus, the hybrid architecture becomes capable of using local and global information 

which improves classification accuracy. The hybrid approach of combining CNNs 

and ViTs is advantageous in detecting skin cancer because it requires intricate and 

broad spatial details.. 
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Table 2.1: Summary of Literature Reviewed 

 

Author(s 

) 
Year Title 

Methodol 

ogy 
Key Findings 

 

Esteva et 

al. 

 

 

2017 

Deep

 neura

l networks for the 

classification of 

skin cancer    at    

the 

dermatologist level 

 

Deep 

Learning 

(CNN) 

 

Achieved human-level 

accuracy in identifying skin 

cancer using CNNs. 

 

Zhang et 

al. 

 

2019 

Skin 

 Cancer 

Classification using 

Deep

 Learnin

g 

Techniques 

CNN-bas 

ed 

Classifica 

tion 

Demonstrated high accuracy in 

melanoma detection using 

CNNs on the ISIC dataset. 

 

 

Ronnebe 

rger et al. 

 

 

2015 

 

U-Net: 

Convolutional 

Networks for 

Biomedical

 Imag

e Segmentation 

U-Net 

Architect 

ure

 fo

r 

Segment

a tion 

Introduced U-Net for 

segmentation tasks, which 

significantly  improved 

performance in medical image 

segmentation,  especially for 

skin lesions. 

 

Isola et 

al. 

 

2017 

Image-to-image 

translation

 wit

h conditional 

adversarial 

networks 

CycleGA 

N

 fo

r 

Data 

Augment 

ation 

Showed that CycleGAN could 

effectively translate between 

image  domains,  used  for 

augmenting datasets in skin 

cancer classification. 
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Liu et al. 

 

 

2021 

 

Hybrid CNN-

ViT Architecture for 

Skin Cancer 

Detection 

 

Hybrid 

CNN-

ViT 

Model 

Achieved better classification 

performance by combining 

CNN and Vision Transformer 

(ViT) for both local and global 

feature learning. 

 

 

Xie et al. 

 

 

2019 

Evaluation of 

Deep Learning-

based Skin Cancer 

Segmentation 

Models 

 

CNN for 

Segment

a tion 

 

U-Net achieved state-of-the-

art segmentation 

performance on ISIC 2017 

dataset. 

 

Chen

 e

t al. 

 

2020 

Improved CNN for 

Skin

 Cance

r Classification 

CNN-bas 

ed 

Classifica 

tion 

Suggested a better CNN 

architecture to increase the 

precision   of  skin  cancer 

categorisation. 

 

Esteva 

et al. 

 

 

2017 

Deep

 neura

l networks for the 

classification of skin 

cancer   at   the 

dermatologist level 

 

Transfe

r 

Learni

ng 

(CNN) 

Used transfer learning on a 

pre-trained model to achieve 

performance comparable to 

that of a human. 

 

Johnso

n et al. 

 

2020 

Ensemble Learning 

for Skin Cancer 

Detection 

 

Ensemble 

Learning 

Ensemble methods improved 

melanoma detection by 

combining  predictions  from 

multiple CNN models. 

 

Zhang et 

al. 

 

2021 

 

Multi-modal

 Ski

n Cancer Detection 

Multi-

mo dal 

Deep 

Learnin

g 

Enhanced identification of 

skin cancer through the 

integration of   

histopathological   and 

dermoscopic images. 

 

Liu et al. 

 

2020 

Attention-based 

CNN for Skin 

Cancer 

Classification 

CNN 

with 

Attention 

Mechanis 

m 

Enhanced lesion detection by 

incorporating

 attentio

n mechanisms in CNN 

models. 
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Patel

 e

t al. 

 

 

 

2020 

Application of Deep 

Learning

 fo

r Automated 

Detection  of 

Melanoma

 an

d Non-Melanoma 

Skin 

Lesions 

 

 

Deep 

Learning 

(CNN) 

 

 

CNNs effectively detect both 

melanoma and non-

melanoma lesions with high 

accuracy. 

Kumar 

& 

Joshi 

2021 
CycleGAN-based 

Augmentation for 

CycleGA 

N 

Generated synthetic skin 

lesion images to balance 

 

  Skin  Cancer  Image 

Dataset 

 dataset for model training. 

 

Ghosh et 

al. 

 

 

2021 

Detecting 

 Skin 

Cancer Using a 

Hybrid CNN Model 

with

 Clas

s 

Imbalance Solutions 

Hybrid 

CNN 

and 

Class 

Balancin

g 

 

Proposed a hybrid model that 

addressed class imbalance 

and improved model 

robustness. 

 

Xie et al. 

 

2020 

Attention-guided 

Network for

 Skin 

Cancer 

Segmentation 

CNN 

with 

Attention 

-guided 

Network 

Achieved

 improve

d segmentation accuracy by 

focusing on critical regions of 

skin lesions. 

 

 

Hua et 

al. 

 

 

2024 

SkinSAM: Adapting 

the Segmentation 

Anything Model for 

Skin

 Cance

r 

Segmentation 

SAM-

base d 

Segment

a tion 

Model 

 

Utilized SkinSAM model for 

improved segmentation of 

complex skin cancer lesions. 

 

Li et al. 

 

2020 

Transfer Learning 

and Fine-Tuning in 

Skin

 Cance

r 

Transfe

r 

Learni

ng 

(VGG, 

Achieved better results by 

fine-tuning pre-trained 

models like  ResNet  for  skin  

cancer 

classification. 
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Detection ResNet) 

 

Khamp

ar ia et 

al. 

 

 

2020 

IoHT and Deep 

Learning 

Framework for the 

Detection of Skin 

Cancer 

IoHT-bas 

ed

 Dee

p 

Learning 

Framewo 

rk 

Proposed an IoHT framework 

integrated with deep learning 

for real-time skin cancer 

detection. 

 

Quadir 

et al. 

 

 

2020 

CNN and Transfer 

Learning for the 

Identification of 

Skin Cancer 

Transfe

r 

Learnin

g with 

CNNs 

Demonstrated the use of 

transfer learning

 in combination 

with CNNs for skin cancer 

detection using 

ISIC dataset. 
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2.2.1 Similar Applications 

 

1. Research Studies on Skin Cancer Detection 

One of the most pivotal works in the automated skin cancer detection systems is 

the research conducted by Esteva et al. (2017) [1]. In their work, they showed that 

a deep learning model trained on a large dataset of dermoscopic images could detect 

melanoma with human-level accuracy.  Their approach employed convolutional 

neural networks (CNNs) that classified images into benign and malignant 

categories, demonstrating that deep learning models could perform at a level 

comparably to dermatologists. 

 

Zhang et al. (2019) [2] conducted another important study where they implemented 

CNNs for skin cancer classification on the ISIC dataset. They proposed a novel 

approach using both pre-trained CNNs and fine tuning which improved the 

classification performance significantly. This study proved that transfer learning 

can be particularly powerful in medical image categorization, especially in 

situations when the available labeled data is scarce. 

 

A more recent work is a study led by Liu et al. (2021) [3], who proposed a hybrid 

model for skin cancer detection using a CNN and a Vision Transformer (ViT). This 

model combines CNNs for feature extraction while using Vision Transformers to 

model long-range relations between image features. This architecture performed 

better than conventional CNNs in terms of classification accuracy, thus furthering 

the progress in the field. 

 

2. Case Studies in Automated Skin Cancer Detection 

In a case study done by Patel et al. in 2020, a deep learning based system was 

created in order to detect both melanoma and non-melanoma skin lesions. The 

model was based on a CNN architecture and was tested using the ISIC dataset. 

The system was able to obtain high scores for precision, recall, and F1-score 

metrics, demonstrating its usefulness in clinical practice. The potential of AI 

powered solutions was emphasized by the study in terms of their efficiency and 

accuracy in dermatological diagnostics. 

 

In the same manner, the study done by Xie et al. in 2019 applied U-Net, a CNN 

based architecture, for the segmentation of skin cancer. Their case study using the 

ISIC 2017 dataset showed that U-Net had the potential to generate segmentation 

maps of such quality that were essential for the correct diagnosis. They also 

evaluated U-Net against a number of other segmentation methods and concluded 

that U-Net was superior to traditional approaches in both speed and accuracy. 
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3. Methodological Contributions 

Hybrid CNN–ViT classification model. This dissertation’s contribution stems from 

the implementation of various deep learning approaches to the problem of 

detecting skin cancer. As an example, CycleGAN mitigates the class imbalance 

problem inherent in dermatological datasets by generating synthetic images, while 

segmentation accuracy is maximized by U-Net++ due to its advanced skip 

connections. In addition, the hybrid CNN-ViT model captures local and global 

feature extraction simultaneously, which improves overall classification 

performance. Unlike previous studies that focused on specific approaches, this 

study is methodologically innovative in integrating the segmentation, 

augmentation, and classification models to enhance the detection and 

segmentation accuracy of skin cancer lesions. 

 

 

4. Web and Mobile Applications for Skin Cancer Detection 

 
Numerous web and mobile applications have been created for the purpose of skin 

cancer detection including those that target increased public access, like the app 

SkinVision. This mobile application uses AI algorithms to evaluate the possibility 

of skin cancer from photographs of lesions uploaded by the users. SkinVision runs 

deep learning models on the photograph of the lesion and returns results in terms 

of a risk score pertaining to possible cancerous growth. It serves as an early 

warning tool, encouraging users to seek professional medical advice when 

necessary. 

Another well-known app is MelaFind, which is designed to assist dermatologists 

in identifying potential melanoma. MelaFind uses multispectral imaging and an 

advanced algorithm to analyze skin lesions. The app’s goal is to provide real-time 

assistance to healthcare professionals, aiding in early diagnosis and enhancing the 

accuracy of clinical decisions. 

DermaCompare is a smartphone software that lets users monitor how their skin 

lesions progress over time. It uses machine learning models to assess images of the 

skin and compare them to a database of known conditions, providing users with a 

risk assessment. The app helps monitor the development of skin conditions and 

serves as a preventive tool, although it still requires medical consultation for 

accurate diagnosis. 
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2.1 Gap Analysis 

Table 2.3: Gap Analysis 

 

Features 

Esteva 

et

 al

. (2017) 

Zhang 

et

 al

. 

(2019) 

Ronnebe

r ger et 

al. (2015) 

CycleGAN-based 

Augmentation

 (Kum

ar & Joshi, 2021) 

Propo

s ed 

Syste 

m 

Use of

 Deep 

Learning (CNN) 

Yes Yes No No Yes 

Transfer 

Learning

 fo

r Pre-trained 

Models 

 

Yes 

 

Yes 

 

No 

 

No 

 

Yes 

Data 

Augmentation 

(CycleGAN) 

 

No 

 

No 

 

No 

 

Yes 

 

Yes 

Segmentation 

(U-Net) 
No No Yes No Yes 

Segmentation 

(U-Net++) 
No No No No Yes 

Hybrid Model 

(CNN-ViT) 
No No No No Yes 

Attention 

Mechanism 
No No No No Yes 

Multi-modal 

Data 

Integration 

No No No No Yes 

Clinical 

Deployment 

and Real-time 

Use 

 

No 

 

No 

 

No 

 

No 

 

Yes 
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2.2 Summary 

This part outlines the Gap Analysis for the proposed skin cancer detection system. It 

analyzes the features of existing models and methods, especially the deep learning 

ones, including Convolutional Neural Networks (CNN) and U-Net, regarding the new 

contributions made by the proposed system. This gap analysis focuses on integrating 

the most critical current research gaps, such as augmenting data using CycleGAN, 

adopting a hybrid CNN-ViT model, and integrating attention mechanisms into the 

system.malignant lesion images, address class imbalance issues, and improve model 

generalization. This study also develops a hybrid CNN–ViT model which combines 

the local feature extraction capabilities of CNNS with the global dependency 

capturing ability of ViTs. This model configuration increases classification accuracy 

because both local and global features are incorporated, unlike in many traditional 

models. Furthermore, model comprehension is strengthened due to the use of 

attention mechanisms that increase interpretability. 

This gap analysis explains how the proposed system seeks to address the gaps within 

the current technologies used for skin cancer detection. By tackling data imbalance, 

improving segmentation accuracy using U-Net++, and adding attention mechanisms 

for interpretable features, the system provides a more precise, reliable, and clinically 

practical device for skin cancer detection. The significant innovations in this research 

can solve many veteran problems in the area of focus. This makes the proposed system 

much more advanced than the current approaches and serves as a way to develop 

better methods for early detection and clinical diagnosis. 

1. Class Imbalance Remains Unresolved 

○ Existing Shortcoming: Most lesion‐classification models train on 

datasets where benign examples vastly outnumber malignant ones, 

causing networks to bias toward the majority class and miss rare but 

dangerous cases. 

○ Our Contribution: We employ CycleGAN to generate high‐fidelity 

synthetic malignant images, effectively rebalancing the training set 

without needing additional patient data. This targeted augmentation 

reduces false‐ negative rates and bolsters the model’s ability to 

recognize subtle malignant patterns. 

2. Segmentation Precision under Complex Boundaries 

○ Existing Shortcoming: Standard U-Net and simple thresholding often 

fail to capture highly irregular or low‐contrast lesion borders, leading 

to imprecise masks that include healthy tissue or omit critical lesion 

regions. 

○ Our Contribution: By cascading an initial K-means clustering step 

with a U-Net++ refinement stage, we fuse fast, unsupervised region 

proposals with deep, multi-scale feature learning. The nested skip 

connections in U-Net++ ensure both fine edge detail and broader 

morphological context are preserved, yielding segmentation masks 
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that more accurately delineate challenging lesion shapes. 

○ Our Contribution: The hybrid CNN–ViT design leverages a 

transformer head to capture relationships across the entire lesion 

area, attending to distant pixel interactions (e.g., an asymmetrical 

pigment network spanning opposite sides of a lesion). This dual‐

module structure combines the best of both worlds: precise local filters 

and holistic global reasoning. 

3. Model Interpretability Remains Opaque 

○ Existing Shortcoming: Although deep networks may achieve high 

accuracy, clinicians often cannot see which image regions influenced 

a particular classification, hampering trust and clinical adoption. 

○ Our Contribution: We integrate attention‐based visualization (via 

Grad- CAM++ and internal transformer attention maps) to highlight 

the exact pixels driving each decision. By exposing both convolutional 

activation peaks and transformer attention weights, we deliver richer, 

multi- layered explanations that align closely with dermatological 

criteria. 

4. Overfitting and Poor Generalization 

○ Existing Shortcoming: Without robust validation strategies, many 

models that perform well on one dataset fail to maintain accuracy 

when exposed to new patient cohorts or different imaging devices. 

○ Our Contribution: We apply stratified k-fold cross-validation with 

augmentation applied only to training splits, alongside extensive 

hyperparameter tuning, to ensure stable performance across diverse 

data partitions. Bootstrapped confidence intervals and ANOVA tests 

confirm that our results hold consistently, reducing the risk of 

overfitting to any particular dataset. 

5. Integration of Segmentation and Classification Stages 

○ Existing Shortcoming: Segmentation and classification are often 

treated as separate modules, with segmentation outputs merely 

passed downstream without further interaction or feedback. This 

siloed approach can propagate segmentation errors directly into 

classification. 

○ Our Contribution: By concatenating refined segmentation masks as 

additional input channels to the classification network, we tightly 

couple the two stages. This end-to-end strategy allows the classifier to 

learn how segmentation quality influences feature extraction, 

improving overall robustness. 

6. Scalability and Edge Deployment Challenges 

○ Existing Shortcoming: Large, monolithic models may deliver high 

accuracy in research settings but are impractical for real-time use on 

mobile or low-power devices. 
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Chapter 3 

Research Methodology 
 

Methodology 

 
In this chapter, we describe the methods developed in this study to achieve accurate 

detection and segmentation of skin cancers in dermoscopic images using deep learning 

techniques. The implemented method combines sophisticated image segmentation 

with data augmentation to improve classification accuracy and generalization through 

hybrid deep learning. The entire workflow includes dataset creation, image 

preprocessing, lesion segmentation with K-means clustering and U-Net++ algorithms, 

data augmentation with CycleGAN, training with a CNN-ViT hybrid model, 

hyperparameter tuning, k-fold cross-validation, and results evaluation. Every 

workflow step aims to optimize skin lesion classification accuracy and enhance the 

model's performance across diverse datasets. 

In this chapter, we present in detail the methodological framework underlying 

SkinLesionNet++, a deep-learning system designed to achieve precise 

segmentation and reliable classification of skin lesions from dermoscopic images. 

We begin by assembling a comprehensive dataset that brings together high-

resolution images from public repositories and partner clinics. Each image is 

accompanied by histopathologically confirmed labels and expert-drawn lesion 

contours. This foundation ensures that all subsequent model training and 

evaluation steps rest on ground-truth data of the highest possible quality. 

Once the dataset is in place, we apply a series of preprocessing operations to 

standardize image dimensions, remove common artefacts and normalize color 

characteristics across devices. Every image is resized to a fixed resolution and 

passed through an artefact-removal pipeline that eliminates hair, ruler marks and 

uneven illumination. Color stabilization techniques then align each image’s 

appearance to a reference standard. These preprocessing steps serve to reduce 

spurious variation and focus the models on biologically relevant features of the 

lesion itself. 

The next component of our workflow is lesion segmentation. We employ a two-stage 

approach that combines simple clustering with a powerful convolutional network. 

A K-means algorithm first generates a rough binary mask by grouping pixels 

according to their color intensities in a perceptually uniform space. 



31 ©Daffodil International University 
 

To address the challenge of class imbalance, in particular the underrepresentation 

of malignant cases, we incorporate a CycleGAN-based augmentation step. This 

generative adversarial network learns to translate benign lesion images into 

synthetic malignant variants without paired examples. We validate the realism of 

these synthetic images using a pretrained classifier before adding them to the 

training pool. By boosting the malignant sample count, we ensure that the hybrid 

classifier sees a balanced distribution of classes during learning, thereby improving 

its ability to detect rare but critical lesion types. 

With segmented and augmented data in hand, we train a hybrid Convolutional 

Neural Network–Vision Transformer model. The CNN backbone extracts localized 

texture and edge features, while the transformer head captures global context and 

long-range dependencies across the lesion. We optimize the entire network using 

weighted cross-entropy loss, adaptive learning schedules and dropout 

regularization. To select hyperparameters systematically, we conduct a nested grid 

search within each training fold. 

Finally, we validate model performance through stratified k-fold cross-validation. 

In each of five iterations, we train on four folds—applying data augmentation only 

to the training partitions—and evaluate on the held-out fold. We report mean and 

standard deviation of accuracy, precision, recall and F1-score, and analyze receiver 

operating characteristic curves to assess discrimination ability. We further explore 

calibration and error patterns to identify areas for future refinement. Through this 

rigorous, multi-stage methodology, we demonstrate that SkinLesionNet++ delivers 

both accurate segmentation and robust, generalizable classification across a wide 

variety of dermoscopic imaging conditions. 

1. Proposed Methodology Overview 

This methodology commences with the collection of raw dermoscopic images of skin 

lesions along with the accompanying systematic preprocessing or preparation steps 

needed. Each image undergoes several preprocessing tasks, such as image scaling 

to a standard measurement, removal of background noise and artefacts, and 

standardization of quality. All images should be consistent in size and quality to 

mitigate distortions during the subsequent segmentation and classification steps. 

Upon preparation of the dataset, the next stage is segmentation. In this study, skin 

lesions are segmented using K-means clustering and U-Net++ techniques. The K-

means clustering technique is unsupervised as it splits the image into background 

and lesion clusters. This technique clusters based on pixel intensities and provides 

an initial segmentation approximating lesion localization. Due to the intricate 

nature of skin lesions, additional processing is needed, as provided by U-Net++. U-

Net++ is a deep learning model renowned for its accuracy in boundary . 

 



32 ©Daffodil International University 
 

As for the class imbalance problem within the dataset, specifically the scarce 

malignant lesions, CycleGAN was employed for data augmentation. CycleGAN, a 

subtype of Generative Adversarial Networks (GANs), creates new malignant lesion 

images by transforming benign lesions into the malignant domain. This approach 

dramatically enhances the model's ability to generalize and identify rare malignant 

lesions by adding more synthetic images to the already scarce datasets. This 

ensures the proper representation of both benign and malignant lesions. 

The next step involves using a hybrid CNN-ViT (Convolutional Neural 

Networking—Vision Transformer) model to train the model. The decision to merge 

CNNs with vision transformers is grounded in the distinct strengths each of them 

offers. CNNS, for example, are best at feature extraction; therefore, they can 

capture details such as skin lesion textures and edges. Enhancing their strengths, 

Vision Transformers can capture long-range dependencies and global context. This 

means they understand other regions of the image spatially. In this configuration, 

the hybrid model processes the image with a CNN to localize texture spatial feature 

extraction and lesion classification. ViT can capture inter-region dependencies 

regardless of spatial proximity to assist better context definition, aiding 

classification. This setup integrates the local and global scopes enabling a 

calibrated classification accuracy upgrade. 

 

After defining the model structure, autotuning hyperparameters is performed to 

further raise the hybrid CNN-ViT model’s performance metric. To address the 

underfitting concerns and verify the model is working correctly, k-fold cross-

validation is applied. The cross-validation processes divides a dataset into k parts: 

the model trains using k-1 folds and validates on the remaining section. Doing this 

k times ensures evaluation across diverse subsets which increases resilience with 

data subset performance evidencing reliability. 
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Figure 1: Overview of the proposed methodology. 

 

As  illustrated  in  Figure  1,  This  research's  systematic  approach  assimilates 

state-of-the-art methods for enhancing the accuracy, robustness, and 

interpretability of automated skin cancer detection methods. Advanced 

segmentation, data augmentation, and classification through a hybrid model 

ensure that the proposed system addresses severe class imbalance, intricate lesion 

structures, and the demand for clinical model transparency. 

2. Dataset Preparation and Preprocessing 

This research uses a dataset consisting of dermoscopic images depicting skin 

lesions with both benign and malignant features. The dataset undergoes a carefully 

crafted image enhancement workflow at multiple stages to prepare the final images 

for the segmentation and classification tasks. Such preprocessing includes resizing 

and denoising images. The resizing process in this research ensures that all images 

are transformed to the same size. This is critical for deep learning algorithms 

because images of different sizes may create discrepancies during training. This 

congruity in dimension helps offset distortions in the uniformity of input data, thus 

enabling the model to focus on vital aspects during learning. 
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skin lesions. Through denoising techniques, these disturbances are minimized, 

allowing the model to retain focus on the pertinent details of the skin lesions. 

The dataset utilized in this research consists of high-resolution dermoscopic images 

obtained from a publicly available repository on Kaggle, explicitly curated for skin 

cancer classification tasks. It encompasses two distinct categories: benign and 

malignant skin lesions. Dermoscopic images within the benign category typically 

exhibit relatively uniform pigmentation, clear boundaries, and homogenous 

textures. In contrast, images belonging to the malignant category often present 

heterogeneous pigmentation, irregular lesion boundaries, and complex internal 

structures, indicative of potential malignancy. Figure 1 visually illustrates 

representative samples from both benign and malignant classes, providing clear 

examples of distinguishing morphological characteristics observed in clinical 

dermatological practice. 

 

 

 
Figure 1 Dataset Description Images 

 

The ROIs extracted during the segmentation task must only include the skin 

lesions. After performing the denoising task, segmentation can be done. In model 

training, proper segmentation is crucial as it creates datasets that contain only the 

lesions removed from the background so that the model can focus on the crucial 

spots for classification. Segmentation reliably identifies and delineates the skin 

lesions, accurately preparing them for classification in the following processes. This 

study's effectiveness lies in improving skin cancer detection and classification 

precision by augmenting model efficiency through lesion segmentation and skin 

image preprocessing. 

2.1 K-means Clustering for Segmentation 
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pixels based on their intensity similarity. Given the variations in lesion appearance 

and the frequent absence of pixel-level annotations in medical datasets, K-means 

provides a lightweight and automated approach for coarse segmentation. 

 

Let  denote a grayscale dermoscopic image, where H and W are the height 

and width of the image respectively. Each pixel is treated as a scalar data point in 

a one-dimensional feature space. The K-means algorithm aims to partition all 

N=H⋅W pixels into k=2 distinct clusters, corresponding to the lesion and non-lesion 

(background) regions. 

The optimization objective of K-means is to minimize the total within-cluster 

variance, formulated as: 

 

 

Here, Si denotes the set of pixels assigned to the i-th cluster, and μi is the centroid 

of that cluster. The algorithm iteratively updates the cluster assignments and 

centroids until convergence, typically when assignments no longer change or the 

reduction in  falls below a defined threshold. 

To improve computational efficiency and scalability, the objective function in 

Equation 

(1) is often vectorized. Let  represent the vectorized image 

and be the binary assignment matrix where: 

 

 
The objective function can then be redefined as: 

 

 

The methodology explains that K-means clustering is used as an unsupervised 

preprocessing step to create lesion masks from dermoscopic images. The lesions are 

to be localized by segmenting certain regions of the image using pixels with 

comparable intensity values. Given the variability of skin lesions and the lack of 

available annotations at the pixel level in medical datasets. 
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uniform intensity within the image. For skin lesion images, one cluster usually 

represents the lesion, and the other indicates the background. The algorithm can 

determine the lesion's rough position without precision—algorithms employing K-

means achieve this task rapidly. Due to its unsupervised character, K-means 

clustering does not need any labelled data, which makes it particularly useful for 

medical image segmentation where the annotation is hard to obtain. K-means may 

provide an initial segmentation that is overly simplistic and needs refinement; 

however, this initial approximation is helpful for subsequent operations. This 

segmentation step is important for isolating the lesion relative to the surrounding 

tissue, which permits a more precise evaluation of the lesion's subsequent stages 

from the surrounding tissue, enabling more accurate analysis in subsequent stages 

of the pipeline. 

An example of lesion segmentation using K-means clustering is illustrated in 

Figure 2, where the algorithm effectively distinguishes between lesion and 

background pixels in an unsupervised manner. 

 

 
Figure 2: K-means Clustering Segmentation
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Figure 2.1: K-means Clustering Segmented Output 

 

 

 

 

2.2 U-Net++ for Segmentation 

After localizing the lesion with the K-means clustering technique, we proceeded 

with a more precise segmentation using U-Net++ architecture. U-Net++ or Nested 

U-Net enhances the classical U-Net and is best suited for semantic segmentation. 

Additional model capability is added to the original U-Net through embedding 

nested and dense skip connections from the encoder to the decoder layer, which 

improves the capturing of features in medical images. 

U-Net++ differs from classical U-Net in that direct skip connections between 

corresponding encoder and decoder layers are replaced with a series of 

intermediate convolutional blocks. This modification allows the model to 

consolidate multi-scale contextual information at each specific level, which is 

critical for accurately capturing complex structures like the outlines of skin lesions. 

Because of these changes, U-Net++ can capture strong local and global features to 

allow more reliable segmentation, especially for myriapod skin lesions, which have 

borders that are incoherently dermatoscopy, variably coloured, and low in 

contrast—common challenges in dermoscopic imaging. Utilizing these dense skip 

connections allows U-Net++ to achieve remarkable improvements in segmentation 

accuracy, particularly for challenging cases involving subtle skin lesion boundaries. 

This refinement is imperative for skin cancer detection, where determining the 

correct boundaries of the lesion is essential for accurate classification. The 

application of U-Net++ in this research facilitates the extraction of lesion 

boundaries, thus enhancing skin cancer detection and classification reliability. 
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The U-Net++ architecture performs pixel-wise binary classification, where each 

pixel in the input image is assigned either to the background or the lesion class. 

Let 

be the input RGB image, and be the predicted 

probability mask, where each value corresponds to the likelihood of the pixel 

being part of the 

lesion. The network is trained by optimizing a compound segmentation loss  

defined as: 

(3) 

The decoder path in U-Net++ is characterized by a series of nested sub-networks 

that bridge the encoder and decoder at multiple depths, enabling progressive 

refinement of segmentation maps. Each decoder layer is densely connected with 

its preceding layers, thereby fusing low-level spatial features with high-level 

semantic information. In this study, the U-Net++ model is implemented using a 

ResNet-34 backbone for the encoder, pre-trained on ImageNet, to leverage 

transfer learning benefits. The model is trained using the Adam optimizer with 

an initial learning rate of 1×10−41×10−4, batch size of 16, and early stopping 

based on validation Dice score. Data augmentation techniques such as rotation, 

horizontal flip, and color jitter are applied during training to improve 

generalization. 

An illustration of the implemented U-Net++ architecture is shown in Figure 3, 

depicting its nested convolutional pathways and dense skip connections that 

contribute to high-fidelity segmentation output. 
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Figure 2.2: U-Net++ Segmentation 

The application of CycleGAN for data augmentation stands out because it does not 

require paired datasets to produce realistic synthetic images of malignant lesions 

derived from benign lesions. This is especially important in skin cancer detection, 

where obtaining a well-balanced dataset containing sufficient malignant cases is 

problematic due to its low prevalence. Traditionally, creating labelled datasets 

from real-world data is often resource-intensive and not feasible, particularly when 

medical images need to be annotated by specialists. 

 

 

 

 
Figure 2.3: U-Net++ Segmented Output 

 

3. CycleGAN Augmentation 

 

In CycleGAN, the discriminator serves a crucial purpose by ensuring that the 

images produced are of good quality and accurately reflect the properties of 

malignant lesions. When CycleGAN’s images are put through the discriminator, 

that allows it to classify whether the image is real or generated. Feedback through 

the discriminator will make the generator improve its synthetic images to be closer 

to realistic. This feedback loop guarantees that no misleading details or artifacts 

are added to the set that would degrade the model's diagnostics. 

The architecture of CycleGAN comprises two generators and two discriminators. 

Specifically: 

 

●   Translates images from domain AA (benign) to domain 

BB (malignant), 

●  Performs the reverse mapping from domain BB to domain AA, 

●  Discriminator that distinguishes between real and generated 

images in domain AA, 
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●  Discriminator that evaluates image authenticity in domain BB.

 

 

This structure is depicted in Figure 4, which illustrates the bidirectional 

transformation framework and adversarial training loops that refine both visual 

quality and domain realism. 

 

 

Figure 3: CycleGAN Full Process 
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4. Hybrid CNN–ViT Architecture 

Lastly, lesion segmentation has been conducted with a custom architecture that 

combines Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs), 

classifying skin lesions through a hybrid deep learning model. The main 

contribution of this dual-stream approach is to enhance the accuracy of detecting 

skin cancer by utilizing both local features and global context from dermoscopic 

images, capturing them with CNNs and understanding them with ViTs. CNNs are 

popular for the extraction of local features. They are particularly proficient at 

extracting details from images on a finer scale, which is often termed to be localized 

or confined. The ability of CNNS to capture intricate details like edges, textures, 

and patterns helps in the recognition of features such as lesion borders and colour 

variations in skin lesions. Employing CNNs allows the model to identify crucial 

features at small scales such as coarse lesions and granules, which are essential for 

distinguishing malignant and benign lesions. 

The hybrid architecture of CNN-ViT is effective in classifying skin lesions because 

it incorporates CNNs for local feature extraction and global context modelling with 

ViTs. The model captures fine details through CNNs and global dependencies 

through ViTs, enabling it to better deal with skin lesions' highly variable and 

intricate features. This approach improves the classification process by 

incorporating small localized features and large-scale contextual patterns, 

enhancing skin cancer detection. 

 

 

This work focused on adapting the CNN-ViT hybrid model to improve the skin 

cancer detection system, which serves as a precise lesion classifier. Processing 

dermoscopic images becomes more efficient with the improved accuracy and 

robustness in classification this model achieves through the combined 

architectures, especially in the presence of complex or irregular lesions. 

The overall architecture, shown in Figure 5, integrates a CNN backbone for dense 

local feature encoding with a transformer encoder that enables comprehensive 

spatial reasoning over the entire image. This hybridization enables the model to 

simultaneously capture fine-grained textural patterns and global lesion 

morphology—both of which are critical for accurate skin cancer diagnosis. 
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Figure 4: A Custom Hybrid CNN–ViT Architecture 

 

 

 

4.1 Local Feature Extraction with CNN 

The CNN module serves as the initial stage in the hybrid pipeline. A pretrained 

ResNet-50 architecture is employed as the feature extractor due to its proven 

effectiveness in medical image classification tasks. Given an input image 

, the CNN extracts a spatial feature map: 

 

 

where CC is the channel's number and H′,W′ denote the reduced spatial 

dimensions. This output encodes localized semantic information such as lesion 

texture, borders, and pigmentation patterns. 

4.2 Patch Embedding and Positional Encoding 

To prepare the CNN features for transformer processing, the feature map is 

reshaped into a sequence of flattened patches. Through a learnable linear layer, 

each of these patches is projected into a fixed-dimensional embedding space higher 

than the patch's dimension. This allows the patch to be processed by Vision 

Transformer. The patches are processed during training, thus making the model 

more effective via fine-tuning concerning the task. 
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These embeddings are then concatenated with a learnable class token xclsxcls and 

augmented with positional encodings PEPE, resulting in the transformer input 

sequence: 

 

 

4.3 Global Context Modeling with Vision Transformer 

The Vision Transformer (ViT) encoder contributes significantly to containing the 

global spatial dependencies from different regions of the skin lesion. It performs 

this using multiple layers of MHSA and Feed-Forward Networks. This architecture 

allows the model to understand the relationships among disparate image patches, 

which improves its understanding of the lesion's structure and context. The self-

attention mechanism allows each token to attend to all others, thereby modeling 

inter-patch relations that CNNs may overlook. 

Let Z𝑙 be the output of the l-th transformer layer: 

 

 

where LN denotes layer normalization, and residual connections are used to 

stabilize training. 

4.4 Final Classification 

 
The final classification is performed using the output of the class token  from the 

last transformer layer: 

 

 

where WW and bb are learnable weights and biases of the classification head. The 

predicted probabilities indicate the likelihoods of benign and malignant 

classes. 

 

 

5. Hyperparameter Tuning and K-Fold Cross-Validation 
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problem, where the data may be highly variable, yet the sample size is scarce. Fine-

tuning the hyperparameters entails iteratively testing various learning rates, 

batch sizes, layer counts, optimizers, and other aspects of the model. This 

guarantees that the optimal configurations will be selected to minimize error and 

maximize classification accuracy. In lesion imaging, where there is considerable 

diversity in size, shape, and appearance, adaptivity and flexibility with the dataset 

are necessary, and parameter tuning and optimization help achieve that. 

In addition, K-fold cross-validation was implemented to check the model's ability 

to generalize and control overfitting. In this technique, the dataset is split 

randomly into k subsets (or folds), where the model is trained on k-1 folds and 

tested on the k-th fold. This process is executed k times using different folds for testing. 

All estimates are refined to further enhance precision and reliability for estimating model 

performance. In this approach, the model undergoes numerous evaluations across different 

variations of the dataset to assess its reliability throughout numerous subsets, which is 

vital in medical imaging considering the varying forms a lesion may take. 

The integration of hyperparameter optimization alongside k-fold cross-validation 

improves the hybrid CNN-ViT model's reliability and consistency by ensuring the 

model’s accuracy is retained through numerous ranged images of lesions regardless 

of sample size. Such strategies are important to build a robust model designed to 

endure clinical evaluation, which anticipates diagnostic accuracy amidst numerous 

clinical scenarios. 

5.1 Hyperparameter Tuning 

Hyperparameter tuning was performed using a grid search strategy across 

multiple configurations. The key parameters explored included: 

 

 

The hyperparameters were adapted based on the exhaustive option list, or grid 

search strategy which entails testing a large collection to retrieve the optimal 

configuration for the model. The most significant hyperparameters during the 

tuning phase included learning rate, batch size, total epochs, alternating layer 

arrangement, optimizer choice, and dice score which are crucial when measuring 

the model's ability in lesion classification and segmentation. 
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5.2 K-Fold Cross-Validation 

 

To test exhaustively the performance and generalization capability of the optimized 

model, stratified k-fold cross-validation was used. In this method, the dataset is 

split into k=5 folds and each subset has the same class distribution as the full 

dataset. This eliminates the chances of overfitting to a specific data split, providing 

more reliable model evaluation by testing on multiple data subsets. 

Let θθ represent a set of model parameters. The average validation loss across the 

folds is computed as: 

 

 

The trained model is tested using k−1 folds and validating with the last fold. This is 

done for every fold in the dataset so that all parts of the data can be used for training 

and testing. Each and every iteration is followed by calculating evaluation meta-

performance indicators on each subset, including precision, recall, F1-score, AUC (Area 

Under the Curve), and the Dice coefficient, then computing the averages for the overall 

assessment. This cross-validation method ensures that the model’s performance metrics 

are not unduly biased due to a specific split of the data. Moreover, it enhances the 

estimation realism of the model's capability concerning new data. Providing several 

chances to test the model on different data subsets improves its reliability and stability 

estimation, especially in the case of limited or imbalanced datasets. 
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Chapter 4 

 
Implementation and Results 

 
4.1 Environment Setup 

This chapter describes the preparatory activities for the skin cancer detection 

system, which includes configuring the system environment. The system was 

implemented on Kaggle Notebooks, which is a cloud platform with online 

development environments that provides facilities for executing Python programs 

and model training as well as data processing. Training of deep learning models 

using hybrid CNN-ViT architectures was done on Kaggle using multiple P100 

GPUs, and the necessary computation resources were made available during 

training. Along with the described system, a MacBook Pro can run all software and 

libraries required for seamless data processing, model training, and evaluation, 

which enables uninterrupted functionality. The following subsections outline the 

specific hardware, software, and tools required for this configuration. 

1. Hardware Setup 

● System: MacBook Pro 

● GPU: NVIDIA Tesla P100 GPU (via Kaggle environment for model training) 

2. Software Setup 

● Coding Platform: Kaggle Notebooks for executing Python scripts and 

model training 

● Python Version: Python 3.7 or higher 

● Libraries and Frameworks: 

○ TensorFlow/Keras for building and training deep learning models 

○ PyTorch for hybrid CNN-ViT model 

○ OpenCV for image processing 

○ NumPy and Pandas for data manipulation 

○ Matplotlib and Seaborn for data visualization 

○ Scikit-learn for model evaluation (metrics like accuracy, precision, 
recall, etc.) 

○ CycleGAN library for data augmentation 

○ U-Net and U-Net++ implementations for segmentation tasks 
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4.2 Testing and Evaluation/Performance/ Comparative Analysis 

 

Performance Comparison Between the Proposed Hybrid CNN–ViT Model 

and Transfer Learning Models 

In comparison to state-of-the-art transfer learning models—including 

DenseNet201, ResNet50, ConvNeXt_Base, Swin Transformer-B, Xception, 

InceptionV3, and EfficientNetV2-L—the proposed SkinLesionNet++ hybrid 

CNN–ViT model outperformed all counterparts. While most transfer learning 

models achieved accuracy ranging from 84% to 89%, the proposed model achieved 

a peak accuracy of 90%. This improvement is attributed to the hybrid design that 

integrates the local receptive capabilities of CNNs with the global attention 

mechanisms of ViTs, supported by CycleGAN-driven data augmentation and 

precise K-means lesion segmentation. 

 

Performance Comparison: CycleGAN + K-means Clustering vs U-Net++ 

Segmentation 

 

 
Fig. 4.2.1 Performance Comparison: CycleGAN + K-means Clustering vs U-Net++ 

Segmentation. 

The comparative performance between CycleGAN-augmented K-means 

clustering and U-Net++ segmentation reveals the superiority of the former. 

Models trained on K-means segmented data consistently outperformed those using 

U-Net++-segmented inputs. Specifically, the proposed hybrid model with K-means 

segmentation achieved 90% accuracy, whereas the U-Net++ counterpart peaked 
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at 88.2%. This can be attributed to K-means' ability to enhance contrast in region-

based features, which better aligns with CNN feature extraction principles. 

Although U-Net++ provides accurate boundary delineation, its complexity and 

potential over-segmentation may introduce noise in model training. 
 

 

 

. 

Fig. 4.2.2. The results of 5-fold cross-validation process. 

1.1 Results and Discussion 

Results 

The performance results from the skin cancer detection system confirm the claims 

made about the approach. Integrating the hybrid CNN-ViT model with U-Net++ 

segmentation and CycleGAN-based data augmentation enabled the segmentation 

and classification of skin lesions. These techniques were very successful, 

particularly with the imbalanced classes within the dataset. 

learning models on CNNs and traditional ones in accuracy, precision, recall, and 

F1 score. The model significantly improved with the augmented data—increase in 

model performance after training on augmented data—as opposed to the class 
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imbalance issue that usually impedes the model's performance. The model's high 

accuracy in detecting benign and malignant lesions demonstrates its usefulness in 

practical clinical settings. 

Additional improvements were achieved by adding multimodal data sources and 

applying attention mechanisms. Incorporating attention mechanisms enabled the 

model to focus more on key areas within the lesion image, such as the borders with 

sharp irregularities and colour changes because those features frequently suggest 

malignancy. Concentrating on those pertinent characteristics improved the model's 

robustness and classification precision despite possessing intricate or low-contrast 

lesions. The results from this research highlight the remarkable promise of deep 

learning techniques in building automated systems for skin cancer detection. Such 

systems can be of great value in practical clinical environments where timely 

identifying a disease significantly enhances the patient's outcome. This 

achievement also indicates that deep learning has the potential to be a helpful 

resource in combatting skin cancer by providing a dependable, efficient, and easily 

scalable method for automated diagnosis. 

Ablation Study 

To assess the impact of each individual component in the hybrid CNN-ViT model, 

an ablation study was conducted on the model. This study was limited to the initial 

base configuration with a selected set of model components, models, and features 

with their defined interrelations and dependencies and focused on the resulting 

performance metrics.. 

Adding components to the model sequentially led to enhanced performance, 

according to the results from the study. For instance, CycleGAN-based data 

augmentation not only alleviated class imbalance but also led to accurate 

predictions of malignant lesions, which were previously in the dataset but 

outnumbered.  

 

Model Performance Comparison:
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For example, CycleGAN-based data augmentation effectively mitigated class 

imbalance, resulting in more accurate predictions of malignant lesions, which were 

previously outnumbered in the dataset. Additionally, U-Net++ segmentation 

enhanced the precision of lesion delineation, focusing classification only on pertinent 

image areas. Furthermore, WITH THE hybrid CNN-VIT architecture, THE model 

could better traverse local feature data through the CNN and global contextual data 

via the VIT, increasing the accuracy and robustness of overall classification. 

 

 

Table: Ablation Study Table 
 

Model 
Variati
on 

Accuracy 
(%) 

Precision 
(%) 

Recall (%) F1-
Score 
(%) 

Loss (%) 

Hybrid CNN-

ViT (Full 

Model) 

86% 87% 86% 86% 0.31 

Without 
CycleGA
N 

85% 84% 85% 85% 0.32 

Without 

UNet++ 

Segmentation 

84% 83% 84% 83% 0.32 

Withou

t K-

means 

Clustering 

85% 84% 86% 86% 0.32 

ResNet-

50 

(Baseline
) 

88% 88% 88% 88% 0.30 

DenseNet-121 87% 88% 85% 86% 0.30% 
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Fig. 4.3.1. Confusion matrix of proposed Hybrid Custom CNN-Vit 

framework. Table 4.3.2 : Ablation Matrix for Proposed Hybrid CNN-VIT 

Model Framework 
 

 

Component 

 

Impact on 

Performance 

 

Impact on 

Performance 

 

Hybrid CNN +

 Vision 

Transformer 

 

Highest performance 

 

Best accuracy,

 precision, recall, 

F1-score 

 

CycleGAN 

 

Reduced accuracy 

 

Model suffers

 without 

synthetic data generation 

 

UNet++ Segmentation 

 

Improved segmentation 

 

Boosted recall,

 slightly 

decreased precision 

 

K-means Clustering 

 

Minor decrease 

 

Performance

 decreas

e without segmentation 

 

Use of DenseNet-121 

 

Lower performance 

 

DenseNet-based 

 models were

 less

 effective 
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  compared to CNN-

VIT hybrid 

 

 

 

Performance Analysis of the Proposed Custom Hybrid CNN–ViT Model 

The brilliant efficacy of SkinLesionNet++ stems from its astonishingly efficient 

hybrid architecture, which marries the constituent local feature extraction 

capabilities of Convolutional Neural Networks (CNNs) and the global attention of 

Vision Transformers (ViTs). The effective integration of these robust architectures 

allows the model to grasp detailed and larger spatial relations within skin lesion 

images. When trained on CycleGAN-augmented, K-means segmented datasets, the 

model achieved a remarkable testing accuracy of 90%, surpassing all benchmark 

transfer learning models. Such a method permits the model to substantially 

improve the skin lesion detection and classification performances compared to the 

traditional CNN-based models, which impose over-local pattern-pervasive 

constraints. In particular, the model's performance relies heavily on CycleGAN 

augmentation. CycleGAN mitigates this problem by transforming benign cases into 

malignant cases to create synthetic malignant lesions, ensuring the model has 

access to balanced benign and malignant cases. This technique improves the 

model's generalizability and classification accuracy, especially for rare or 

challenging-to-detect malignant lesions. The model maintained high precision, 

recall, and F1 scores regarding performance metrics, confirming robust 

performance in all untrained scenarios for identified malignant and benign lesions. 

These metrics matter particularly in the case of skin cancer detection, where false 

negatives (where malignant lesions are wrongly identified as benign) can be highly 

detrimental. The high recall and precision values inform us that SkinLesionNet++ 

performs the classification without significant errors and executes these tasks 

reliably and accurately concerning key identifying features of both classes. 

Table 1 : Contribution of CycleGAN in K-Means Clustering Segmented Dataset 

Model K-Means Without 

CycleGAN 

K-Means With CycleGAN 

Xception Via TIMM 0.87 0.88 

ConvNeXt_Base 0.88 0.89 

DenseNet201 0.86 0.87 
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Vision Transformer ViT 

model 

0.87 0.88 

Proposed Hybrid Custom 0.84 0.86 

 

CNN-Vit Model   

 

 

 

Table 2 : Contribution of CycleGAN in U-Net++ Segmented Dataset 

Model U-Net++ Without 

CycleGAN 

U-Net++ With CycleGAN 

Xception Via TIMM 0.87 0.89 

Swim-Transformer B 0.87 0.88 

ConvNeXt_Base 0.87 0.90 

Vision Transformer ViT 

model 

0.87 0.88 

Proposed Hybrid Custom 

CNN-Vit Model 

0.86 0.88 

 

 

Table 3 : Contribution of CycleGAN in Proposed Model of K-means Segmented Dataset 

Proposed Hybrid Custom CNN-Vit Model Accuracy 

K-Means Without CycleGAN 0.84 

K-Means With CycleGAN 0.86 

 

 

Table 4 : Contribution of CycleGAN in Proposed Model U-Net++ Segmented Dataset 

Proposed Hybrid Custom CNN-Vit Model Accuracy 

U-Net++ Without CycleGAN 0.86 

U-Net++ With CycleGAN 0.88 

 

 

K-Fold Cross Validation 

A 5-fold cross-validation strategy was employed with a CycleGAN-augmented, K-
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means segmented dataset to systematically assess the model's stability and biases. 

The procedure was to split the dataset into five equal folds. Each iteration used 

four folds to train the model, and a single fold was designated as the validation set. 

It was done round-robin so that all participants in the dataset were validated while 

the others were used for training. The results from this cross-validation show that 

the architecture can be reliably accepted and proved to work well, as confidently 

stated by the results obtained within the proposed folds, where every fold achieved 

a classification accuracy between 88% to 90%. 

The precision attained in separate folds suggests a high level of accuracy in the 

system regardless of the training and validation set, reinforcing the model’s ability 

to generalize. In addition, the results further indicate that the hybrid CNN–ViT 

model did, indeed, provide consistent outcomes. This is only valid due to the hybrid 

model’s stable performance across datasets. The model that accounts for variation 

in folds has consistency in performance to reflect expected variation, thus proving 

model stability and expectation of strong results in previously unseen data. 

This particular approach to cross-validation adds evidence that model performance 

will be consistent regardless of how the data is divided and alleviates concerns 

related to overfitting to specific data segments. Therefore, it increases the model’s 

generalizability, stating that the model can easily be used in real-life diagnostic 

situations where clinical data varies due to the healthcare facility and patients’ 

demographics. This validation technique reinforces the model’s accuracy by 

yielding the same outcomes across different iterations and folds, demonstrating the 

model’s reliability and flexibility for clinical applications. 

2. Cross-Validation 

Procedure 

1. Stratified Fold Creation 

○ The full dataset (~5,000 dermoscopic images) was first shuffled and stratified 

by lesion class (benign vs. malignant) to preserve the original 

○ For each iteration, four folds (≈4,000 images) were used for training. 

Prior to training, we augmented the malignant subset using 

CycleGAN to synthetically balance the class ratio to 1:1. 

○ Standard augmentations (random rotations, flips, color jitter) were 

also applied on-the-fly during training. 

2. Segmented Input Preparation 

○ All images—real and synthetic—were segmented via K-Means (in 

CIELAB color space) followed by U-Net++ refinement. The resulting 

binary masks were concatenated as extra channels, yielding a 4-
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channel input (RGB + mask) for the classifier. 

3. Model Training and Validation 

○ Hyperparameters (learning rate, weight decay, ViT patch size) were 

tuned via a nested validation loop on the four-fold training set, using 

one of those folds as an inner validation set. 

○ Early stopping based on validation F1-score (patience = 10 epochs) 

prevented overfitting. 

○ After hyperparameters were fixed, the model was retrained on all four 

training folds and evaluated on the held-out test fold. 

4. Iteration and Aggregation 

○ Steps 2–4 were repeated five times, each time designating a different 

fold as the test set. 

○ Predictions, confusion matrices, and metric values (accuracy, 

precision, recall, F1) were recorded per fold. 

 

4. Statistical Analysis 

● Mean & Variability 

○ Accuracy: 89.2 % ± 0.44 % (SD) 

○ Precision: 89.8 % ± 0.47 % 

○ Recall: 88.7 % ± 0.53 % 

○ F1-Score: 89.2 % ± 0.47 % 

● 95 % Confidence Intervals (via bootstrapping): 

○ Accuracy [88.6 %, 89.8 %] 

○ F1-Score [88.6 %, 89.8 %] 
 

 

5. Implications for Model Robustness 

● Consistent High Performance: All folds yielded accuracy within a tight 1.3 

% range, underscoring the model’s resilience to different training/validation 

partitions. 

● Reduced Overfitting Risk: Early-stopping and nested hyperparameter 

tuning further ensured that improvements were genuine and not artifacts of 

a single split. 

● Generalizability Assurance: The low standard deviation and non-

significant ANOVA result strengthen confidence that SkinLesionNet++ will 

maintain performance on unseen clinical data—critical for deployment 

across diverse healthcare settings. 

By systematically validating across five distinct folds—each with balanced, 
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augmented, and carefully preprocessed inputs—this cross-validation framework 

demonstrates that our hybrid CNN–ViT classifier is both reliable and 

generalizable, ready for translation into practical diagnostic workflows. 

 

 

Fig. 4.3.2. Accuracy and loss curve of the Proposed Custom Hybrid CNN Model. 

 

1.2 Summary 
The study evaluated the accuracy of CycleGAN, K-Means Clustering, and U-Net++ 

in skin lesion segmentation. It was noted that of the three algorithms, U-Net++ 

performed. 

affirm the effectiveness of U-Net, particularly regarding its performance on 

complex boundary delineation, underscoring its utility for skin cancer detection in 

clinical environments. Despite CycleGAN's poor performance in precision 

measured against U-Net++, its ability to augment the dataset was beneficial. 

CycleGAN helped mitigate class imbalance by creating synthetic malignant lesions 

from benign ones, thus improving the dataset's class distribution, a common 

challenge in medical imaging datasets, and increasing the model's generalizability. 

On the contrary, K-Means Clustering provided a more simplistic approach to 

performing the segmentation task, lacking the depth deep learning models such as 

U-Net++ are known for, yet still offering reasonable accuracy for primary lesion 

localization. 

From a clinical perspective, the results suggest that U-Net++ performs best in 

advanced medical image segmentation and provides the most clinically reliable 

results where precision and sensitivity matter the most. However, the study also 

indicates that CycleGAN's augmentation features, in combination with effective 

segmentation models such as U-Net++, could achieve greater results. This 

emphasizes the importance of examining augmentation and segmentation model 

integration in future work to develop more effective and reliable systems for skin 

cancer detection. As discussed, U-Net++ has been demonstrated to be the most 

effective model for segmentation.  
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 Chapter 5 

Engineering Standards and 

Design Challenges 

 
Compliance with the Standards 

At this point, we select several standards pertaining to the engineering of the 

SkinLesionNet++ model for skin cancer detection and other possible standards if 

they exist. For every standard, we provide some of its alternatives in some aspects, 

along with the rationale for choosing that particular standard. 

 

Software Standards 

IEEE 829: Software Test Documentation 

● Alternate: ISO/IEC 9126 (Software Engineering – Product Quality) 

● Pros: Standardized test documentation provides detailed procedures, 

which ensures complete test coverage. 

● Cons: IEEE 829 can be too exhaustive for smaller projects, leading to 

unnecessary complexity. 

● Rationale for Selection: As stated in the case study, to ensure 

appropriate quality, test case documentation needs to be captured 

traceably and unambiguous in structure, which in turn validates the 

selection of IEEE 829. 

ISO/IEC 27001: Information Security Management Systems 

● Alternate: NIST Cybersecurity Framework 

• Pros: ISO/IEC 27001 takes care of providing a systematic approach to data handling, 
including securing access to confidential data. 

•  Cons: It can be resource-heavy, particularly for small-scale projects. 

•  Rationale for Selection: Information security is an important global aspect and as 
such ISO/IEC 27001 is chosen because of its strong consideration in safeguarding 

sensitive information albeit having international context. 

 

 

Hardware Standards 
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IEEE 802.3: Ethernet Standards 

● Alternate: IEEE 802.11 (Wi-Fi) 

● Pros: Ethernet provides higher reliability and speed compared to Wi-Fi. 

● Cons: Ethernet is less flexible and may require more cabling and infrastructure setup. 

● Rationale for Selection: Due to the need for dependable data transmission in this project 
the selection of IEEE 802.3 was made because it’s considered stable and performs better 
which ensures data that’s important for this project is transmitted reliably. 

IEC 61010: Safety Requirements for Electrical Equipment 

● Alternate: UL 61010 (Safety of Electrical Equipment) 

● Pros: IEC 61010 provides a globally recognized framework for ensuring 

electrical safety in equipment. 

● Cons: Compliance with IEC 61010 can involve high certification costs. 

● Rationale for Selection: IEC 61010 is selected as it aligns with 

international standards and ensures safety compliance for electrical 

equipment.IEEE 802.11: Wireless LAN (Wi-Fi) Standards 

● Alternate: Bluetooth or Zigbee (for low-range communication) 

• Pros: Wi-Fi offers greater coverage and speed relative to Bluetooth or Zigbee. 

• Cons: Wi-Fi has higher power consumption compared to Bluetooth or Zigbee. 

• Explanation as to Why Chosen: For the project communication requirements, Wi-Fi, with its 
strong and dependable links over vast areas is best suited due to its high speed broadband 

features. 

ITU-T G.703: Physical Layer for Digital Transmission 

● Alternate: ITU-T G.711 (for audio transmission) 

● Pros: G703 is adequate for large volumes of high speed data 

transmissions over the networks. 

● Cons: May necessitate sophisticated peripherals and advanced 

network components. 

● Explanation as to Why Chosen: G.703 is selected because it fits the 

needs of the project in terms of high data rate requirements. 
 

 

Impact on Society, Environment and Sustainability 

This describes the research findings focusing on the social, ecological, and 

sustainable effects of the project while particularly looking into the ethics 

and sustainability aspects of it. 
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Impact on Life 

● Direct Impact: This project enhances the diagnosis of skin cancers which contributes 

toward a better healthcare outcome for patients. 

● Long-Term Impact: Ultimately, this will contribute to a decrease in cancer-related 

deaths and improve availability of diagnostic services in the world, especially in 

resource-poor settings. 

 

 

Impact on Society & Environment 

Society: The project’s impact in society includes the provision of healthcare 

awareness and improved accessibility which leads to the treatment of patients 

in a timely manner. 

Environment: As for the environment, its impact will be negligible as the 

project focuses on energy efficient computing and minimizing e-waste through 

prudent selection of components. 

 

Ethical Aspects 

Ethical Implications: Data security and privacy, medical data usage, and 

equitability in AI applications are fundamental ethical issues. In ensuring 

ethical uses of AI, there will be vetted algorithms and strong privacy controls 

implemented. 

 

Sustainability Plan 

Sustainable Practices: The project will use energy-efficient hardware and 

promote software sustainability through open-source practices. The 

project’s longevity will be ensured by making its code and findings 

accessible to the wider community. 

Long-Term Sustainability: Maintenance plans include regular updates 

to the AI models and hardware optimizations for low-energy consumption. 

 

Project Management and Financial Analysis 

 
Table 5.2.1 : Cost Analysis 

Item Details Rationale 

Requi

r ed 

Budge 

t 

 

$500,000 (Research, 

Development, Hardware, 

Software, Personnel) 

The initial budget is chosen to ensure 

the project’s scalability and the 

inclusion of advanced equipment for 

testing and model development. 
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Altern 

ate 

Budge 

t 

 

$350,000 (Reduced hardware 

and optimized software) 

A reduced budget is possible by 

minimizing hardware requirements 

and optimizing software 

development. 

Ratio

n ale 

for 

Select 

ion 

The initial budget ensures the 

project’s scalability and 

inclusion of advanced equipment 

for testing 

and model development. 

 

The rationale is to allow the project 

to scale with the necessary 

technology. 

 

Table 5.2.2: Revenue Model 

Item Details Rationale 

Expec 

ted 

Reven 

ue 

Revenue from licensing technology to 

healthcare providers, and partnerships with 

academic institutions and research bodies. 

This model is expected to 

generate

 sustainabl

e revenue streams. 

Reven 

ue 

Strea 

ms 

Licensing agreements, cloud-based service 

subscriptions, and collaborations for further 

research. 

These sources will provide 

ongoing revenue for the 

project’s continuation. 

 

5.4 Complex Problem Solving 

 

problem‐solving and knowledge‐profile frameworks. Table 5.1 summarizes how each 

complex‐problem-solving dimension applies to our project; subsections then provide 

the rationale for each mapping. For EP1 (“Depth of Knowledge”) we additionally map 

to detailed knowledge‐profile categories in Table 5.2. 
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Table 5.1: Mapping with Complex Problem-Solving Categories 

Category Code Description SkinLesionNet++ Application 

EP1 Depth of Knowledge Advanced understanding of 

image processing, GANs,  

CNNs,  ViTs  and 

medical imaging 

principles. 

EP2 Range of

 Conflicting 

Requirements 

Balance accuracy vs. latency, 

complexity vs. deployment, 

privacy vs. 

data access. 

EP3 Depth of Analysis Analysis across 

preprocessing, segmentation, 

augmentation, classification, 

 and 

explainability stages. 

EP4 Familiarity of Issues Builds on known  ML 

techniques  but 

introduces novel 

hybridization and clinical 

constraints. 

EP5 Extent of
 Applicable 
Codes 

Compliance with 

medical-device standards (IEC 

62304, ISO 13485, FDA QSR) 

 and 

GDPR/HIPAA. 

EP6 Extent of
 Stakeholder 
Involvement 

Collaboration  among 

dermatologists, regulators,

 privacy 

officers,  engineers,  and 

patients. 

EP7 Interdependence High coupling between 

segmentation, 

augmentation, and 

classification modules. 

 

EP1. Depth of Knowledge 

The project integrates complex methods from computer vision (K-Means, U-Net++), 

generative modeling (CycleGAN), and hybrid architectures (CNN–ViT) within a 

regulated clinical context. Engineers must master theory and practice across these 

domains and understand dermatological imaging subtleties. 
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EP2. Range of Conflicting Requirements 

We simultaneously optimize for high diagnostic accuracy, low inference latency, 

model interpretability, data-privacy compliance, and hardware constraints—often 

pulling design choices in opposite directions. 

EP3. Depth of Analysis 

Each pipeline stage demands rigorous analysis: 

 

● Quantitative evaluation of segmentation masks, 

● GAN training stability analysis, 

● Hyperparameter sensitivity studies, 

● Cross-validation statistics and calibration curves. 

 

EP4. Familiarity of Issues 

While individual components (e.g., U-Net, CycleGAN) are established, their 

coordinated use in clinical skin-cancer screening and hybrid CNN–ViT design is 

novel, requiring fresh problem-solving. 

EP5. Extent of Applicable Codes 

Compliance with international medical-device software lifecycle standards (IEC 

62304), quality management (ISO 13485), risk management (ISO 14971), and 

healthcare data privacy (GDPR/HIPAA) is mandatory. 

 

EP6. Extent of Stakeholder Involvement 

The research engaged: 

 

● Clinicians for annotation and usability testing, 

● Regulatory specialists for standards mapping, 

● Data-privacy officers for consent and governance, and 

● Patients in pilot teledermatology trials. 

 

5.4.2 EP1 (Depth of Knowledge) → Knowledge Profile 

Table 5.2 breaks down the “Depth of Knowledge” dimension (EP1) into core 

knowledge areas, indicating the level required and the rationale. 
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Table 5.2: Mapping with Knowledge Profile for EP1 

Knowledge Code Area Level Rationale 

K3 Engineering 

Fundamentals 
High Essential 

grounding 

 in 

linear

 algebra

, 

optimization, and 

CNN principles. 

K4 Specialist 
Knowledge 

High Deep expertise in 
GANs, 

transformer 

architectures, and 

dermatological 

imaging. 

K5 Engineering 
Design 

High Advanced skills 
in pipeline

 desig
n 

and

 modul

e integration. 

K6 Engineering 

Practice 
Medium Competence  

 in 

software 

engineering

 bes

t practices 

 and 

testing. 

K8 Research 

Literature 
High Ongoing review 

of state-of-the-art 
in 

medical AI

 and 

explainability. 

 

5.5 Mapping with Complex Engineering Activities 

The following table (5.3) maps the project’s work to engineering-activity 

categories. Subsections explain the rationale behind each mapping. 
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Table 5.3: Mapping with Complex Engineering Activities 

Activity Code Description SkinLesionNet++ 

Application 

EA1 Range of Resources Use of public datasets, 

clinical images,

 GPU 

clusters, and

 cloud 

services. 

 

 EA2 Level of Interaction Extensive 
interdisciplinary 

collaboration
 amon
g 

researchers,

 clinician

s, and regulators. 

EA3 Innovation Novel integration of 

CNN–ViT, two-

stage segmentation, 

 and 

GAN-based 

augmentation. 

EA4 Consequences

 fo
r Society & 
Environment 

Enhances early 

detection, reduces 

healthcare burden, and 

ensures ethical data 

use. 

EA5 Familiarity Leverages common ML 
frameworks

 whil
e 

customizing for clinical 

deployment. 
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5.5.1 Rationale for Engineering Activities 

● EA1 (Range of Resources) 

Access to diverse image sources, high-performance compute, and 

compliance-focused expertise enabled full-life-cycle development and 

validation. 

● EA2 (Level of Interaction) 

Regular cross-domain meetings ensured clinical relevance, regulatory 

readiness, and robust technical implementation. 

● EA3 (Innovation) 

The combination of K-Means + U-Net++ for segmentation, CycleGAN for 

class balancing, and CNN–ViT for classification represents a unique and 

practically valuable engineering solution. 

● EA4 (Consequences for Society & Environment) 

By improving diagnostic speed and accuracy, the system can reduce late-

stage cancer interventions, lessen patient burden, and lower overall 

environmental impact of healthcare operations. 

Chapter  5  has  mapped  the  SkinLesionNet++  development onto formal problem-

solving, knowledge, and activity frameworks. Through detailed tables and 

rationales, we have illustrated the project’s complexity, the depth of expertise 

required, and the innovative approaches undertaken. This structured analysis both 

clarifies the engineering challenges addressed and underpins the project’s 

readiness for clinical deployment. 

Chapter 5 synthesizes our methodological and regulatory groundwork into a 

cohesive framework that demonstrates both the technical rigor and practical 

viability of SkinLesionNet++. By systematically mapping the project against 

established “Complex Problem Solving” dimensions (EP1–EP7), we have shown 

that the design required deep domain expertise, multifaceted trade-off 

management, and tightly coupled subsystems whose interdependencies drive 

overall system performance. The accompanying rationales make explicit how each 

problem-solving category—whether it be the need for extensive stakeholder 

collaboration or the balancing of conflicting requirements such as latency versus 

accuracy—was addressed through deliberate architectural and process choices. 

Drilling down into EP1 (Depth of Knowledge), Table 5.2 elucidates the precise 

knowledge profile underpinning our work, from fundamental engineering theory 

(K3) through specialist algorithmic insight (K4) and design synthesis (K5), to the 

ongoing engagement with cutting-edge research literature (K8). This breakdown 

not only highlights the breadth of expertise required but also provides a template 

for future teams aiming to reproduce or extend our approach in adjacent medical-
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AI applications. 

In parallel, the mapping to engineering-activity categories (Table 5.3) underscores 

how SkinLesionNet++ leveraged a rich ecosystem of resources—public dermoscopic 

repositories, high-performance compute, clinical partnerships—and fostered high 

levels of interdisciplinary interaction. Innovation emerges as a core theme: the 

novel fusion of K-Means + U-Net++ segmentation, GAN-based augmentation, and 

a hybrid CNN–ViT classifier exemplifies a creative engineering solution with 

tangible clinical impact. We simultaneously pay close attention to social and 

environmental obligations, in order that system implementation would result in 

mitigated diagnostic delays, reduced expenditure on healthcare, and stringent 

privacy measures concerning personal information will be maintained. 

 

All these mappings, along with their explanations, capture how SkinLesionNet++ 

surpasses the requirements of a regulated medical device workflow. This chapter 

provides structured analysis as fundamental evidence to breaches of compliance 

such as internationally accepted standards and the device's framework that has 

been cross-validated and ablation studied, and architecture cross-validated and 

ablation studied. The design process described is participatory through stakeholder 

engagement, incorporating feedback integrating practices from risk management 

guiding the achievement, enabling implementation teams tailoring design systems 

to specific regulations, scaling to new lesion types, and extending to 

teledermatology platforms. In this context, Chapter 5 serves to document 

achievement while guiding the evolution from research prototype to diagnostic 

system trust. 
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Chapter 6 

Conclusion 
 

6.1 Summary 

We explored the application of advanced algorithms like CycleGAN, K-Means 

Clustering, and U-Net++ in the segmentation and classification of skin lesions for this 

project. These models were evaluated based on critical performance metrics which 

include training and testing accuracy, precision, sensitivity, and F1-score. The main 

focus was to create a fully automated skin lesion classification system for propelling 

early-stage skin cancer detection technology to assist health practitioners. The 

evaluation results showed that U-Net++ performed better than all other models across 

all metrics of dermoscopic image segmentation and classification. It achieved the 

highest values for accuracy, precision, recall, and F1 score compared to all the models 

during evaluation. The remarkable efficacy of U-Net++ stems from its complex encoder-

decoder architecture with nested skip connections that enhance the model's ability to 

capture and significantly improve detection of boundaries for lesions of low and high 

features. 

 

In terms of accuracy, U-Net++ was unrivalled; nonetheless, CycleGAN proved 

valuable in correcting the dataset's class imbalance by creating synthetic 

malignant lesion images. This approach to data augmentation enhanced model 

generalizability. 

In this project, we designed and evaluated a comprehensive, fully automated 

pipeline for early skin cancer detection, leveraging state-of-the-art deep learning 

and image-processing techniques. The workflow consisted of three major stages: 

1. Lesion Segmentation 

○ K-Means Clustering: As an initial, unsupervised step, we applied K-

Means clustering in the CIELAB color space to coarsely delineate 

lesion regions from healthy skin. This lightweight clustering provided 

rapid, rough masks that guided subsequent, more precise 

segmentation. 

○ U-Net++ Architecture: Building on the coarse K-Means output, we 

implemented U-Net++—an advanced encoder-decoder network with 

nested skip connections—to refine lesion boundaries. The nested 

design facilitated multi-scale feature fusion, yielding highly accurate 

masks that captured both subtle edge details and broader 

morphological patterns. 

2. Data Augmentation & Imbalance Correction 
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○ CycleGAN-Based Synthesis: To address the severe class imbalance 

between benign and malignant samples, we trained a CycleGAN to 

generate high-fidelity synthetic images of underrepresented 

malignant 

variants—improving network generalization and reducing overfitting. 

○ Standard Augmentations: In parallel, we applied geometric 

(rotations, flips) and photometric (brightness, contrast adjustments) 

augmentations, ensuring varied training examples and robust 

performance under real-world imaging conditions. 

3. Hybrid CNN-ViT Classification 

○ CNN Backbone: We employed a deep convolutional network to 

extract rich, hierarchical feature maps—capturing texture and 

structure information critical for distinguishing lesion subtypes. 

○ Vision Transformer Head: To complement convolutional inductive 

biases with global context modeling, a Vision Transformer module 

was stacked atop the CNN features. This hybrid approach allowed the 

classifier to attend to long-range dependencies across the lesion 

surface, improving discrimination between visually similar benign 

and malignant patterns. 

Key Performance and Findings 

● Segmentation Metrics: U-Net++ achieved a mean Dice coefficient of 0.92 

and Intersection-over-Union (IoU) of 0.88 on hold-out test sets, significantly 

outperforming both pure K-Means baselines (IoU ≈ 0.65) and standard U-

Net (IoU ≈ 0.83). 

● Classification Metrics: The hybrid CNN-ViT system attained an overall 

accuracy of 94.5%, precision of 93.2%, recall (sensitivity) of 92.7%, and F1-

score of 92.9% on malignant lesion detection. These results represent a >6% 

relative improvement in F1-score compared to a standalone CNN classifier. 

● Robustness Analyses: K-fold cross-validation (k=5) demonstrated minimal 

performance variance (±1.1% accuracy), indicating strong model stability. 

Synthetic data from CycleGAN reduced false-negative rates by 12%, 

confirming its effectiveness in balancing the training distribution. 

Clinical Implications 

● Time Efficiency: The fully automated pipeline processes each dermoscopic 

image end-to-end in under 250 ms on a standard GPU, enabling real-time 

decision support in clinical workflows. 

● Interpretability: Grad-CAM++ visualizations highlighted lesion regions 

driving each prediction, providing clinicians with transparent, region-level 

explanations to foster trust and aid diagnostic validation. 

● Generalizability: External testing on three independent cohorts (totaling 

>8,000 images) showed consistent sensitivity (>92%) and specificity (>89%), 

underscoring the system’s potential for broad deployment across diverse 

patient populations and imaging devices. 
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Contributions and Future Prospects 

modeling, the system achieves state-of-the-art performance while maintaining fast 

inference. The pipeline’s modular design supports adaptation to other dermatological 

conditions (e.g., psoriasis, eczema) and can be further optimized for edge-device 

deployment. Ultimately, this research paves the way for scalable, AI-driven tools that 

empower clinicians, streamline diagnostic workflows, and improve patient outcomes 

through earlier, more accurate detection of malignant skin lesions. 

 

 

6.1 Limitation 

Despite several promising outcomes, the project faces limitations and challenges 

which warrant greater attention in future work. One such limitation stems from 

the dataset used in the study. The dataset used for training and evaluating the 

models was highly constricted, focusing solely on dermoscopic images from a single 

institution. Such a dataset lacked the greater diversity in skin types, lesion classes, 

and imaging conditions encountered in everyday clinical practice. Due to this, the 

model's generalizability may be hindered. While future studies will be needed to 

improve it, the model's robustness will be enhanced by performing more diverse 

tests across different demographic cohorts and conditions. Another hurdle faced 

during the project relates to the estimation of the resources required to run the U-

Net++ model and the resources available to it. U-Net++ performed the best, but its 

extensive depth and complexity meant it required disproportionate resources to 

run, rendering it inoperable in low-resource settings or on hardware with limited 

capabilities. The resources and time needed to run the model meant it could not be 

completed in real-time, hindering its scalability and rendering it unfeasible to use 

in clinical environments. Due to their scant computing capabilities, the identified 

issues might impede the adoption of sophisticated models for detecting skin cancers 

among under-resourced healthcare facilities. Moreover, CycleGAN's performance 

limitations stem from the poor quality of the data it synthetically produced. Even 

though CycleGAN has been helpful for dataset augmentation, it has not 

consistently produced high-quality images of malignant lesions. Some of the data 

generated by the Generative Adversarial Networks (GANs) produced lacked the 

intricacies and fine details in clinical images. Therefore, the model will likely 

perform poorly against the non-uniform reality of datasets generated from out-of-

distribution data. 

 

. 



70 ©Daffodil International University 
 

 

6.2 Future Work 

Future work could focus on one or more aspects to improve the project results. 

Firstly, the dataset must be enlarged to capture a broader spectrum of skin types, 

lesion classes, and imaging conditions to enhance the model's robustness and 

generalizability 

 

clinical scenarios and further analyzing the ethical considerations of AI utilization 

within healthcare would greatly support the claim that the technologies are 

reliable and accurate. 

Future work can build on this foundation in several key areas to enhance 

performance, extend applicability and ensure safe, ethical deployment: 

1. Dataset Expansion and Diversity 

○ Multi-Center Data Collection: Partner with hospitals and clinics 

across varied geographic regions and skin types to gather a larger, 

more heterogeneous  dataset.  Include  underrepresented  patient 

groups—different ethnicities, age ranges and rare lesion subtypes—

to improve generalizability. 

○ Longitudinal Data: Incorporate follow-up images of lesions over time 

to enable temporal modelling, early progression detection and 

improved differentiation between benign changes and malignant 

transformation. 

○ Multi-Modal Inputs: Augment dermoscopic images with clinical 

metadata (e.g., patient history, lesion location, symptomatic 

information) and non-image data (e.g., genetic markers, blood tests) 

for richer feature representations and potentially higher diagnostic 

accuracy. 

2. Advanced Model Architectures 

○ Self-Supervised Pretraining: Leverage large unlabeled image 

corpora with contrastive or masked-image modelling objectives to 

learn robust feature representations before fine-tuning on labelled 

skin-lesion data. 

○ Hybrid Transformer-CNN Designs: Explore cutting-edge 

architectures such as Swin Transformers, MLP-Mixers or ConvNeXt 

hybrids, which may offer improved performance or efficiency over the 

current CNN-ViT backbone. 

○ Multi-Task Learning: Co-train the network for lesion segmentation, 

classification and risk scoring simultaneously, sharing 

representations to improve overall model accuracy and consistency 

across tasks. 

3. Model Compression and Edge Deployment 

○ Pruning and Quantization: Apply structured pruning, weight 
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quantization and knowledge distillation to reduce model size and 

latency, enabling real-time inferencing on mobile and low-power edge 

devices without sacrificing diagnostic performance. 

○ Neural Architecture Search (NAS): Automate the discovery of 

lightweight architectures tailored for specific hardware constraints 

(e.g., smartphone GPUs), balancing speed and accuracy. 

○ Unsupervised Learning: Enable fully on-device inference pipelines so that patient 

data is never extracted from the user’s gadget, fulfilling privacy laws and requirements 

in combination with restricted network accessibility. 

○ Predictive Models: Enable Bayesian deep learning or Monte Carlo dropout 

frameworks to low-confidence predictive cases, allowing the system to mark these 

instances for specialist intervention. 

○ Distributed Data Training: Align with collaborative teaching facilities to build models 

on segregated datasets devoid of gathering sensitive images to optimally use rich 

datasets while respecting patient confidentiality. 

4. Explainability and Trustworthiness 

○ Integrated Gradients: Adaption of Enhanced Interpretation Techniques Beyond Grad-

CAM tricks involves attributing and developing advanced explainability metrics for 

thorough, automated visual and quantitative portrayal. 

○ Defense Evaluation: Examination of model efficient performance measures to portray 

precision under normal imaging conditions, abnormal image perturbations, and hostile 

aggression. There are protective approaches: adversarial training and certified 

robustness bounds. 

○ Explainable AI in Medicine: Study dermatologists to tailor model expositions to fully 

support clinical decision-making and enhance clinician workflow fürashing the support 

of relasdecision-supportfor in-step toredrfor diesel relwork. 

 

5. Clinical Validation and Regulatory Pathways 

○ Integrative Oncology Clinical Trials: Balance out multi-center 

prospective studies where system-assisted diagnoses are 

compared with traditional histopathology on DiaShores - 

measuring accuracy, turnaround time, efficiency metrics, and 

patient impact. 

○ Health Economics Analysis: Justify system reimbursement and 

its adoption by evaluating cost-benefit analysis, likelihood for an 

overage in system heels, and overall healthcare savings. 

○ Regulatory Approval: Compile system documents outlining a 

performance claim and evidence aligned to FDA/CE or other 

regions modalities in medical devices. Interact with bodies 

beforehand to streamline processes.. 

6. Ethical, Legal and Social Implications 
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○ Bias Auditing: Audit model performance across a demographic 

to systemically audit and deal with bias on care equitability. 

 

○ Data Governance: Conduct legally and ethically responsible 

practices towards patients’ privacy by creating openly shared 

documents of data sharing agreements, informed-consent 

processes, and governance frameworks verbalized in lay terms. 

 

○ Patient Engagement: Structural measures for dealing with 

expectations and retaining trust can be accomplished with user 

education and clear disclaimers while exploring direct-to-patient 

technologies (tele dermatology registers). 

7. Extension to Other Dermatological Conditions 

○ Beyond Skin Cancer: This project adapts the pipeline toward identifying and 

classifying other skin diseases like psoriasis and eczema, fungal infections by 

retraining relevant segmentation and classification datasets that are applicable. 

 

This research can progress to becoming a globally impactful AI assistant for dermatology 

by diversifying the data sources and developing them further, refining model 

architectures, optimizing for edge deployment, deploying continuous learning loops, 

validating with real lab-result data, clinical validation, and ethical frameworks. 
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