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Abstract

The human skin is an impressive organ and structural element often impacted by a diverse range of recognized and
unknown diseases. Diagnosing disorders that affect the outermost layer of the body is the most uncertain and difficult
component in the scientific field. Dermatological diseases are one of the most significant health concerns in the 21st
century since their identification is challenging and costly, plagued with challenges and the subjectivity that comes
with human interpretation. The main objective of this piece of research work is to develop a robust model for the
classification of skin cancer diseases using deep convolution neural networks (CNN) and transfer learning models. This
research work uses convolutional neural networks (CNN), ResNet50, and VGG-16 techniques for the classifications of
skin lesions. Data augmentation and UNetþþ techniques are used to improve the quality of images and the perfor-
mance of CNN, VGG16, and RestNet50 models. This research work is divided into three cases to analyze and evaluate
the performance of models. In the first case, the deep learning and transfer learning models are used for the classifi-
cation of skin cancer. In the second case, the data augmentation technique is applied to the skin cancer dataset and
improves the model performance in terms of accuracy. In the third case, the deep learning and transfer learning models
with data augmentation and UNetþþ segmentation techniques are applied to develop a proposed model with high
accuracy for the classification of skin cancer. The proposed VGG16-DAUNPP model achieved better 98.83 % and
98.63 % accuracy in the case of the Ham10000 dataset and Malignant vs. Benign ISIC dataset respectively. Similarly, the
ResNet50-DAUNPP model achieved the highest 98.87 % accuracy as compared to others in the case of Melanoma skin
cancer dataset. Finally, our proposed transfer learning models VGG16-DAUNPP and ResNet50-DAUNPP are robust
and recommended for the classification of skin cancer diseases.

Keywords: Skin disease, Classification, Deep learning, Transfer learning, Data augmentation, Segmentation technique

1. Introduction

C ancer is a deadly disease that affects the lives
of all individuals. In some situations, it could

be harmful to humans. Although many different
cancers can develop in the human body, skin cancer
is infamous for its rapid growth and high mortality
rate. Several things might trigger it, including
smoking, alcohol use, allergies, infections, viruses,
UV radiation exposure, physical exercise, environ-
mental changes, and so on. Sunlight's ultraviolet
(UV) rays can damage or even destroy the DNA
within skin cells. One other thing that can cause

skin cancer to develop is an abnormal enlargement
of the human body. Skin cancer is one of the most
common types of cancer in the world and is
growing quickly. Early detection is essential for
successful treatment and enhanced patient out-
comes. Recent progress in artificial intelligence (AI)
and deep learning (DL) has shown a lot of promise
for automating the classification of skin lesions.
This could help dermatologists make clinical di-
agnoses. But there are still problems like class
imbalance, differences in how lesions look, and not
enough expert-annotated datasets. Researchers
have looked into methods including data augmen-
tation, image segmentation, and model ensembles
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to deal with these issues. Our research expands
upon these advancements by examining an inno-
vative integration of VGG16 with UNet++-based
segmentation and data augmentation (DA) meth-
odologies. We have tested our models on three
publicly available datasets: HAM10000, ISIC2019,
and a collection of melanoma images. This will help
us see whether it works well on different types of
images as well as if it is accurate. This work con-
tributes to the ongoing efforts in AI-assisted
dermatology by proposing a hybrid deep learning
pipeline optimized for skin cancer classification.
The most common types of skin cancer are mela-
noma, basal cell carcinoma, actinic keratoses, and
squamous cell carcinoma [1]. Melanoma is a com-
mon type of cancer that happens when pigmented
cells on the skin's surface grow out of control. This
disease is quite bad and can spread swiftly to other
parts of the body. It is most common in those with
lighter skin. It consistently destroys its victims [2].
This illness can cause black lesions with an unusual
border to appear naturally on otherwise healthy
skin. Melanoma can also develop from a mole that
has multiple colors, an unstructured development
of the lesion, and an enlargement of the lesion
location [3]. On the other hand, the diagnosis may
be delayed at times, and the early discovery of a
problem may not always cause the patient to be
concerned. There is a possibility that the manual
diagnostic will take an excessive amount of time,
and the majority of patients are unable to pay for it.
The incidence of skin cancer has increased, a matter
of concern for many. Research conducted by ex-
perts indicates that there were 1.4 million new
cancer cases in India in 2020, with projections sug-
gesting an increase to 1.57 million cases by the end
of 2025 [37]. This pace of increase is concerning to
individuals, as it appears that the various groups
within the nation are increasingly impacted. This
trend indicates a higher prevalence of cancer
among the population in the country. In 2025, the
projected global incidence of new skin cancer cases
is 107,240, including 59,080 instances of ductal car-
cinoma in situ among women, as per a report. The
survey also forecasts around 2,041,910 new cancer
cases globally in 2025. The precise number of skin
cancer cases in India in 2025 is not detailed in the
available search results; nonetheless, forecasts
suggest a substantial rise in total cancer cases in
India by 2025, with an anticipated increase of 12.8 %
compared to 2020 [38].
The standard medical approach to skin disease

diagnosis relies on the doctor's expertise, clinical
experience, and dermatoscopic pictures to deter-
mine the severity of the patient's skin disease. One

approach to think about the diagnostic process is
that the doctor will first apply visual diagnosis to
get information about the patient. After that, his-
tological investigation and dermoscopy will be
used. Dermoscopy is a high-definition imaging
technology that doesn't irritate the skin. It may look
into the skin's architecture where the surface
dermis and inner dermis meet [25]. Unfortunately,
only doctors with a lot of experience can tell the
clinical signs of pigmented skin illnesses. This is
because skin patches have similar colors, textures,
edges, and other features, yet aberrant tissues from
various patients are not the same. On the other
hand, the patient doesn't need medical tools that
are based on experience. In usual, it takes 4—5 days
from the sample test to the doctor's evaluation, the
histopathological research, and then the patient's
report. This process takes a long time, which slows
down the patient's rehabilitation. The following are
some of the main problems with conventional
dermatological diagnosis: Firstly, there is an insuf-
ficient availability of medical services. Professional
dermatologists who have experience in skin care
are in limited numbers. Many people are without a
connection with dermatologists because the num-
ber of dermatologists has been unable to keep
ahead with the rise in skin diseases. And secondly,
the accuracy of diagnostics is low.
Although several studies have explored CNNs

and transfer learning for skin cancer classification,
most are limited to binary classification and do not
incorporate ensemble architectures or segmenta-
tion techniques such as UNet++. Moreover, they
rarely address the real-world clinical challenge of
multi-class classification involving various lesion
types, which is essential for practical deployment.
Recent work such as the study in Ref. [41] highlights
ongoing limitations in generalizability, data di-
versity, and high misclassification risks in under-
represented lesion types. Consequently, there is a
requirement for the development of a deep
learning model that is superior to human diagnosis,
reduces the amount of time needed to generate
results, and produces more accurate results [4].
Deep learning techniques have addressed prob-
lems in traditional skin cancer disease diagnostics
and image recognition technology. Image recogni-
tion using deep learning is a multifaceted field.
Using feature engineering and Deep learning-
based classification algorithms, we integrate medi-
cal skin cancer disease imaging, mathematical
methodologies, and computer technology to accu-
rately identify and diagnose skin diseases. The
picture recognition method for skin disease is
founded on deep learning techniques used to
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extract the characteristics of skin diseases. Con-
ducting deep exploratory data analysis and
reducing its dimensions demands extensive pro-
fessional medical understanding [26]. Resulting in
complex parameter adjustments might be time-
consuming and energy-intensive. This approach is
limited to a certain field due to its low mobility.
Advancements in deep learning have led to suc-
cessful picture recognition outcomes. Deep learning
can automatically identify nonlinear relationships
in medical images without the need for feature
engineering, and extractive efficiency is also high.
Deep learning technology is extremely custom-
izable and may be applied to various fields and
applications [27]. As shown in Fig. 1, the malignant
form of skin cancer, such as melanoma, can be
distinguished from benign skin lesions, such as
melanocytic nevi, benign keratosis, dermatofi-
broma, actinic keratosis, and vascular lesions.
Melanoma is an instance of a malignant form of
skin cancer disease. Several distinct kinds of
research projects as well as agendas [5,6] studies
used convolutional neural networks, or CNNs, to
identify skin cancer and classify images into mela-
noma and non-melanoma categories.
Therefore, the current research aims to answer

the following questions like:

• Can a deep learning approach incorporating
data augmentation, UNet++, and transfer
learning significantly improve the accuracy of
skin cancer classification?
• How effective are CNN, ResNet, and VGG-16
models in distinguishing between melanoma
and other benign or malignant skin conditions
in a multi-class setting?
• Can automated image-based diagnosis outper-
form manual methods in terms of speed and
accuracy, particularly for early-stage detection?
• Is the use of UNet++ beneficial in segmenting
lesion boundaries to enhance feature extraction
for classification models?

This work mainly focused on improving the
functionality of the present model by including data
augmentation, UNet++, and transfer learning
models into the observed dataset for multi-class
classification, even though these approaches pro-
vide good results. This study proposes a hybrid
diagnostic pipeline that combines segmentation
(UNet++) and classification (CNN, VGG-16,
ResNet) techniques to enhance detection of skin
lesion types. Unlike many existing works, it em-
phasizes multi-class classification of skin lesions,
better representing clinical diagnosis scenarios. It
integrates data augmentation to counter data
imbalance issues, and boosting model generaliza-
tion. The workflow minimizes diagnostic delay
while improving automated accuracy, aiming to
assist in real-time clinical use. The ultimate objec-
tive of our proposed approach is to identify mela-
noma and other skin lesions through multi-class
envision classification. Through the examination of
pictures of skin lesions, our primary objective is to
develop a robust model for identifying cases of skin
cancer as well as other forms of skin diseases by
employing the CNN algorithm, and ResNet, and
VGG-16 transfer learning models with data
augmentation, and UNet++ techniques.
The application of deep learning and transfer

learning models such as VGG16 and ResNet50,
alongside data augmentation and segmentation
techniques like UNet++, has been widely used in
the domain of skin cancer classification. However,
most prior studies have explored these techniques
in isolation or without systematically analyzing
their integrated impact on performance across
multiple real-world datasets. In this research, we
introduce a comprehensive, empirically validated
pipeline that combines transfer learning (VGG16
and ResNet50) with dual preprocessing mecha-
nisms, advanced data augmentation and UNet++
segmentation technique to evaluate performance
variations across three distinct public datasets:
HAM10000, ISIC2019, and the Melanoma Skin

Fig. 1. Classification of skin lesions using CNN.
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Cancer dataset. The study's novelty comes from its
structured comparison framework across three
experimental cases (Case 1: without DA and
UNet++, Case 2: with DA only, and Case 3: with
DA and UNet++), that helps in isolating the indi-
vidual and combined effects of these preprocessing
techniques. Furthermore, the study creates a uni-
form benchmarking platform, reports accuracy
changes with and without augmentation/segmen-
tation, and compares the final results to the most
recent cutting-edge models. Unlike previous works,
which frequently report single-model performance
on isolated datasets, our approach focusses on the
proposed hybrid pipeline's generalisability and
scalability, proving superiority in both binary (ma-
lignant vs benign) and multi-class skin lesion clas-
sification tasks. This structured analysis
methodology, together with the incorporation of
UNet++ and DA into transfer learning-based
pipelines, makes an important contribution to
optimizing real-world skin cancer detection
procedures.

2. Related work

Dermatologists spend an enormous amount of
time on patient visits and conversations to manu-
ally recognize skin problems. The majority of the
population lacked this option. A nearby metropolis
is the best place for residents of these smaller vil-
lages to go for assistance and to file a report. So
much effort is required of individuals for this. A
visit to the doctor already adds up to a huge
expense. Additionally, this involves interacting with
other people, which is problematic given the cur-
rent pandemic crisis. The transmission of diseases
is rare. Presently, there is no way of avoiding
physical touch. Most modern forms of computer-
assisted diagnosis classify skin injuries and burns
as diseases. We can do a better job using these
methods. A computer-aided method that can detect
skin-related conditions and discriminate them from
other skin problems is consequently urgently
needed. Q. Gan et al. [7] explored the image's color
and structure to find diseases on the skin. Median
filtering was used to get the pictures ready for
processing. Images that have been cleaned up are
turned to get their parts. We used the GLCM tool to
pull out text features and the SVM tool to put skin
diseases like herpes, eczema, and psoriasis into
groups. P. N. Srinivasu et al. [8] explored MobileNet
V2 and long short-term memory, which are built on
deep learning, to classify skin diseases. To Fig. out
how fast a sickness is spreading, a grey-level co-
occurrence matrix was used. S. Malliga et al. [9]

investigated CNN as a potential tool for learning
and classifying a wide range of clinical images.
Three new types of skin disorders have been
identified. They were more complicated and go by
names like melanoma, nevus, and seborrheic
keratosis. N. Hameed et al. [10] efficiently imple-
mented a method to categorize images of skin
cancer dieas either benign, acne, eczema, healthy,
or malignant melanoma. Utilizing Alex NET, a pre-
trained CNN model, they were able to acquire the
characteristics. The sorting was done using a sup-
port vector machine technique, which yielded
somewhat more accurate outcomes in the end. M.
A. Milton et al. [6] facilitated the detection of skin
malignancies including melanoma. Using the ISIC
2018 dataset, the author tests several deep learning
models, including PNASNet-5-large, Inception
ResNetV2, SENet154, and InceptionV4. As an opti-
mizer, adaptive momentum (Adam) was employed,
and the models were trained using various pa-
rameters and learning rates. In the results, they
assigned a class number to each skin cancer disease
kind. After reviewing all of the models, the author
gave the highest confirmation score to PNASNet-5-
large. Even though it did a decent job of classifying
different skin lesions, as this study demonstrated. T.
Sreelatha et al. [12] implied pattern recognition
techniques in image processing by numerous
healthcare providers that can be employed for the
early detection of skin cancer disease. The author
developed a GFAC-based melanoma segmentation
approach to detect early-stage melanoma skin
cancer. The suggested method was used on the Ph2
dataset. This helped get rid of noise and made
execution faster. Image segmentation, on the other
hand, is more accurate than other classification
methods. K. Matsunaga et al. [5]implemented the
model with ISIC dataset to categorize seborrheic
keratosis, nevi, and melanoma, among other skin
cancer disease. Experiments made use of deep
learning models that had previously been trained
on ImageNet, ResNet-101, and InceptionV4. Using
data augmentation, the images were also cropped,
inverted, and expanded. M. Q. Khan et al. [13]out-
lined a comprehensive methodology for identifying
and classifying melanoma and nevi in their article.
The authors initiated the process by employing a
Gaussian filter to eliminate the noise. The process
of identifying and separating lesions involved using
the technique of K-mean clustering. The color and
texture features were subsequently extracted using
a hybrid super-feature vector. Subsequently, sup-
port vector machines (SVMs) were utilized in the
classification process. Implementing the suggested
approach on the ERMIS dataset produced
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enhanced accuracy. Recent studies have made sig-
nificant progress in applying deep learning for skin
cancer detection. For instance, D. Meedeniya et al.
[41] proposed an effective deep learning system
that integrates MobileNetV2 and Vision Trans-
formers (ViT) to improve the categorisation of skin
lesions, specifically melanoma, basal cell carci-
noma, and benign keratosis, with exceptional ac-
curacy with the HAM10000 dataset. They developed
an attention-based technique to concentrate on
features pertinent to lesions, enhancing classifica-
tion performance and diminishing noise. There are
certain problems with their study that our current
research is trying to fix: Their classification is less
clinically useful in real-world situations because it
only covers three main types of lesions. Our work
expands the classification to include more types of
lesions, such as dermatofibroma, melanocytic nevi,
actinic keratosis, and vascular lesions. Absence of
lesion segmentation: Their model fails to employ
explicit lesion border segmentation, which is
essential for feature localisation. In contrast, our
method uses UNet++, a sophisticated segmenta-
tion model, to accurately find lesion areas before
classifying them. Model architecture: They
employed MobileNetV2-ViT fusion, while we use a
hybrid architecture that combines CNN, ResNet,
VGG-16, and UNet++, coupled with data
augmentation, to make the model work better on a
wider range of samples. P.A. Diallo et al. [20] used
several methods of data enhancement, including
color manipulation, to bring forth greater detail in
the photos. Resolution can also be increased with
the help of Generative Adversarial Networks
(GANs). Many methods of picture production
employ GANs to improve image quality through
the fusion of images. I. Pacal et al. [42] proposed a
Convolutional Swin Transformer (CSwinformer)
architecture specifically designed for the simulta-
neous segmentation and classification of skin le-
sions. The suggested model exploited hierarchical
self-attention in shifted windows to improve both
local lesion localisation and global context aware-
ness. It did better than traditional CNNs in both
accuracy and border detection. This was especially
important for dermoscopic images, since the edges
of lesions are often unclear or uneven. Their algo-
rithm was tested on public datasets including
HAM10000 and ISIC-2019, and it was better at
telling the difference between melanoma and other
types of skin cancer. G. H. Dagnaw et al. [43]
implemented a comprehensive analysis of Swin
Transformer (tiny/base versions), Vision Trans-
formers (ViT), and CNN models including ResNet
and MobileNet, incorporating explainable AI (XAI)

methodologies such as CAM and Grad-CAM++.
Their research focused on model interpretability,
enhancing its applicability in clinical settings. XAI
showed the parts of the lesion that helped with the
classification decision, which is an important part of
medical AI. A. Mahbod et al. [44] proposed a new
hybrid architecture by combining PanDerm with
Swin Transformer V2-base. This combination
greatly improved performance on tough datasets
like HAM10000 and MSKCC, especially when it
came to telling apart classes that are hard to tell
apart, such actinic keratosis and squamous cell
carcinoma. Their findings validated that trans-
former-based vision backbones can surpass CNNs
when combined with domain-specific pretrained
models. J. Aftab et al. [45] explored the application
of EfficientNet-B4 for multi-class skin lesion clas-
sification, attaining an F1-score of 87.3 % and an
accuracy of 88.1 % on the ISIC-2020 dataset. The
EfficientNet family, known for its compound
scaling (depth, width, resolution), achieved an
optimal balance between performance and
computational cost. The authors demonstrated
enhanced generalisation in under-represented
lesion categories when compared to ResNet and
Inception-v3. V. Venugopal et al. [46] implemented
a customised EfficientNet variant to classify seven
types of skin lesions, leveraging dermoscopic fea-
tures including asymmetry, border irregularity, and
colour variation. The model exhibited enhanced
specificity and sensitivity, highlighting its effec-
tiveness in both clinical-grade binary and multi-
class scenarios. However, it lacked adequate lesion
segmentation, which could undermine model
transparency in real-world diagnostic applications.
M.U. Ali et al. [47] developed a fusion ensemble
model that combines EfficientNet, DenseNet, and
Inception architectures to tackle dermatological
conditions such as eczema, melanoma, basal cell
carcinoma (BCC), and psoriasis. The ensemble
model exhibited notable robustness and general-
isation, particularly when evaluated on imbalanced
datasets, highlighting its potential use in mobile
health applications or tele dermatology platforms.
V. Ravi et al. [48] presented Deepscan, a hybrid
pipeline that integrates convolutional neural net-
works with Vision Transformers (ViTs) alongside a
segmentation module. The approach exhibited
remarkable classification accuracy on the pro-
prietary DermVisD dataset. The hybrid approach
employs convolutional neural networks to derive
local spatial features and vision transformers to
interpret global context, with segmentation
improving the localisation of lesions leading to
enhanced performance on small, irregular diseases.
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I. Pacal et al. [49] formulated this concept by
introducing a CNN—ViT hybrid architecture spe-
cifically designed for the early detection of mela-
noma. The model combines ResNet-50 for feature
encoding with ViT blocks for attention mapping,
resulting in a balanced integration of accuracy and
contextual insight. Evaluations performed on the
ISIC-2018 and HAM10000 datasets revealed
improved results when compared to standalone ViT
or CNN models, particularly in reducing false
negatives, a crucial factor in melanoma diagnosis.
While these advanced models show promise, the
current body of work, especially from 2023 to 2025,
reveals various shortcomings. Limited assistance
for various categories: A significant number of
studies focus on binary classification (melanoma
versus non-melanoma), while real-world clinical
scenarios often require the ability to distinguish
between multiple disease types. Absence of seg-
mentation integration: Limited models integrate
lesion segmentation, such as UNet or UNet++,
which is crucial for delineating lesion regions and
enhancing classification precision. The concept of
explainability continues to develop. Although some
studies apply XAI tools like Grad-CAM, the incor-
poration of explainable segmentation and classifi-
cation pipelines is still not thoroughly investigated.
The proposed model effectively tackles these gaps
by combining CNN, VGG-16 and ResNet technique
with DA and UNet++ segmentation technique to
classify multi-class lesions. Implementing methods
like data augmentation and dimensionality reduc-
tion to tackle challenges related to class imbalance
and noise. Concentrating on seven clinically
important types of skin lesions, improving align-
ment with the practical requirements of derma-
tology. Aiming to provide clear and prompt
predictions to ease the diagnostic burden faced by
dermatologists.

3. Proposed strategy and baseline
methodology

The strategy and methodology play a very
important role in the field of research work. This
research work used different methods to develop a
robust model for the classification of skin lesions as
explained below:

3.1. Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) [14] is a
deep learning architecture that autonomously ex-
tracts hierarchical features from input images by
producing feature maps via convolutional filters.

Convolutional Neural Networks (CNNs) use a feed-
forward design, generally consisting of convolu-
tional layers, pooling layers, and fully connected
layers. These interrelated layers facilitate the
effective acquisition of spatial hierarchies within
visual data. Fig. 1 depicts a general model of a CNN
architecture, designed to elucidate the standard
components involved specifically, convolution,
pooling, and fully connected layers arranged
sequentially for feature extraction and classifica-
tion. It does not represent the precise architecture
implemented in Case 1. The CNN architecture
deployed in Case 1 has been explained in the
Methodology section, which describes specific
characteristics of the model, including the number
of layers, filter sizes, and activation functions.

3.2. Transfer learning

Transfer learning [23,24] is a deep learning tech-
nique in which a model that has been pre-trained on
one task, often using a large-scale dataset such as
ImageNet, is adapted for a different yet related task.
This process involves transferring knowledge gained
from addressing the source problem to enhance
learning efficiency and performance on the target
problem. Transfer learning effectively shortens
training duration, alleviates overfitting concerns
particularly with limited datasets, and improves
model precision. It is crucial to recognise that data
normalisation constitutes a separate preprocessing
step, implemented before the training phase. This
process assures identical input distributions through
the scaling or standardization of image pixel values,
and it is crucial irrespective of themodel architecture
or training approach employed. This investigation
employs transfer learning with two pre-trained
models, VGG16 and ResNet50, to classify skin cancer
images, employing their feature extraction capabil-
ities to improve diagnostic precision.

3.2.1. VGG architecture
The VGG architecture is a commonly employed

Convolutional Neural Network (CNN) model for
image classification tasks [15]. VGG16 features a
profound architecture characterized by numerous
convolutional layers with small receptive fields
(3 × 3), interspersed with max pooling layers (2 × 2),
and culminating in fully connected layers. This ar-
chitecture allows effective feature extraction while
maintaining computational efficiency. Fig. 2(a) pro-
vides a clear overview of the main elements of the
VGG16 architecture. Concentrating on the ongoing
application of convolutional, pooling, and fully con-
nected layers. This investigation takes the VGG16
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model for the classification of skin images, high-
lighting its strong performance in visual recognition
tasks. The models exhibit differences in the number
of layers filter configurations and structural charac-
teristics across the various blocks [16].

3.2.2. ResNet architecture
To enhance performance during training on a

large dataset using a CNN architecture, it is often
necessary to supplement the model with additional
layers. However, increasing the depth of the
network can lead to the vanishing or exploding
gradient problem, which hampers the learning
process and reduces the overall accuracy rate [17].
To overcome this challenge, the Residual Network
(ResNet) architecture introduces residual connec-
tions, also known as shortcut connections. Rather
than learning a direct underlying mapping, ResNet
enables the network to learn residual functions, the
difference between the input and the output of a
layer. These shortcut paths allow gradients to
bypass certain layers and flow unimpeded through
the network, thus preserving gradient strength
during backpropagation and mitigating the van-
ishing gradient problem. Fig. 2(b) illustrates the
introduction of the ResNet design, which effectively
overcomes the gradient issue and contributes to a
higher level of accuracy. By enabling the construc-
tion of much deeper networks while preserving
training stability, ResNet enhances model optimi-
zation and performance [18].

3.3. Adam optimizer

The Adam optimizer is a widely used optimiza-
tion algorithm in deep learning due to its ability to
adaptively adjust learning rates for individual

parameters, which helps accelerate convergence
and improves training stability. While Adam en-
hances model performance by efficiently mini-
mizing loss, it does not inherently detect overfitting.
Overfitting is typically monitored through valida-
tion metrics such as loss or accuracy on unseen
data. Additionally, Adam operates on gradients, not
“normalized parameters (0—1)" as previously
stated. In our U-Net++ architecture equipped with
pixel-level and spatial multi-scale attention mod-
ules Adam plays a crucial role in refining feature
maps during backpropagation and weight updates
[39]. The model further integrates image segmen-
tation and edge perception networks within a
rough-to-fine encoding-decoding structure. The
edge perception network is trained to learn re-
siduals between predicted and true edges using a
loss function, thereby improving the precision of
segmentation.

3.4. Data augmentation

To accurately categorize images as cancerous or
not, image classification is frequently utilized in the
medical industry, which contains a huge amount of
data to evaluate and train the model. Due to the
large volume of image datasets, all images are not
consistent and vary in many ways, including size,
orientation, and color. The results of the trained
model produce inaccurate results due to the
inconsistency of datasets [19]. The augmentation
method uses duplicates of the original data to
address data discrepancies and recognize targets of
varying sizes and shapes [22]. This method effec-
tively prevents the training model from overfitting.
Stratification serves as a supplementary method
applied alongside the data. Augmentation methods

Fig. 2. Overview of the (a) VGG16 and (b) Resnet50 architecture.
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aimed at addressing skewed samples, in contrast to
stratification techniques, prevent additional data
splitting post-initial randomisation. They establish
conditions for subsequent data division into
training and testing groups that are both random
and devoid of bias in the data splitting process. The
data augmentation technique described by C.N.
Vasconcelos et al. [21] allows for the images in the
melanoma dataset to be flipped, rotated, and
cropped to improve accuracy.
In this study, we addressed this imbalance using

a combination of strategies beyond standard data
augmentation. First, we employed class-balanced
sampling during training to ensure each mini-batch
contains a fair representation from underrepre-
sented classes. This helped mitigate bias toward
majority classes during gradient updates. Second, a
weighted categorical cross-entropy loss function
was applied, where higher weights were assigned
to minority classes based on the inverse frequency
of class distribution. This approach penalized the
misclassification of underrepresented classes more
heavily, improving model generalization across all
categories. These techniques, when combined with
extensive data augmentation, provided a more
equitable learning process and reduced the risk of
overfitting to dominant classes. The effectiveness of
these balancing methods is reflected for improving
the performance of models.

3.5. UNet++ technqiue

The UNet++ technique is a deep learning
method that combines datasets and segmentation
techniques to improve image segmentation accu-
racy. UNet++ extends the standard U-Net archi-
tecture by introducing nested and densely
connected skip pathways between encoder and
decoder blocks. These enhanced skip connections
reduce the semantic gap between high-resolution
encoder features and low-resolution decoder fea-
tures, leading to more precise segmentation. It uses
a two-section approach: the contracting path em-
ploys a conventional CNN for feature extraction,
followed by convolutions. However, unlike the
standard U-Net, UNet++ adds intermediate con-
volutional layers within the skip connections,
enabling better feature refinement at each stage of
the decoder. ReLU activates the convolutions after
up sampling, reducing, and linking the feature map.
Unlike the original U-Net, which required cropping
to align feature map dimensions due to padding
mismatches, UNet++ employs nested skip path-
ways that reduce the reliance on cropping and
preserve contextual information across scales, all

while maintaining the U-shaped structure. The skin
detection and segmentation phase uses minimal
training samples and generates detailed segmen-
tation feature maps [40]. Data augmentation helps
improve model performance, particularly in medi-
cal imaging tasks like skin cancer diagnosis.
UNet++ gains greatly from enriched data, which
prevents overfitting and boosts dataset diversity.
This addition improves generalization to data that
hasn't been seen before and makes it possible to
extract finer features, enhance edge detection, close
semantic gaps, and handle difficult variations bet-
ter. The UNet++ technique improves image seg-
mentation accuracy, especially in medical imaging
where lesions may change in form, size, and
texture. UNet++ is employed in this study as a
preprocessing module to enhance classification
performance by accurately localizing the lesion re-
gion in dermoscopic images. Specifically, UNet++
generates a binary segmentation mask that de-
lineates the lesion from the surrounding skin. This
mask is then used in the following way: the original
image is element-wise multiplied with the UNet++
mask, effectively filtering out background noise and
preserving only the lesion area. The resulting
masked image serves as the input to the VGG16
and ResNet50 classification models, replacing the
original RGB image. This masked image retains the
same dimensions as the original input, and no
additional input channel is introduced. Instead, the
segmentation step enhances the discriminative
focus of the classifier by eliminating irrelevant
features outside the lesion boundary. Through this
integration strategy, the UNet++ segmentation
model acts as an attention mechanism, directing the
classifier toward the most diagnostically relevant
region of interest (ROI). This preprocessing is
applied only in Case 3, allowing for a comparative
evaluation of model performance with and without
segmentation.

4. Data source

This research work used three types of datasets
that were collected from the Kaggle open-source
repository. The first dataset is the HAM10000
dataset which contains a total of 10015 Images of
skin cancer disease. Images of the HAM10000
dataset were divided into seven classes and
included seven different types of skin lesions like
melanoma (mel), melanocytic nevi (nv), actinic
keratoses, and intraepithelial carcinoma/Bowen
disease (apiece), basal cell carcinoma (bcc), benign
lesions of the keratosis type (solar lentigines/seb-
orrheic keratoses and lichen-planus like keratosis,
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bkl), dermatofibroma (pdf), melanoma (mel), mel-
anocytic nevi (nv), and vascular lesions (angiomas,
angiokeratomas, pyogenic granulomas and hemor-
rhages, vasc), where melanoma (mel), basal cell
carcinoma (bcc) is the type of skin cancer, and the
remaining are non-skin cancer [36]. Table 1 shows
the HAM10000 skin Lesions dataset with multiple
classes.
The second dataset is the Malignant vs. Benign

ISIC Archive dataset, which includes a total 3297
images where 1497 images belong to malignant
(cancer) and 1800 images belong to benign (non-
cancer) [35]. Table 2 shows that Malignant vs.
Benign ISIC Archive dataset with binary
classification.
The third dataset is called the Melanoma Skin

Cancer dataset which includes a total of 10605 im-
ages l, having 5105 images of malignant (cancer)
and 5500 images of benign (non-cancer) samples
[11]. Table 3 shows that Melanoma Skin Cancer
dataset with binary classification.

5. Implementation details

The experimental analysis for this study was
conducted using Python (version 3.8) as the core
programming language. We employed several
prominent deep learning libraries, including Ten-
sorFlow (open-source) and Keras, for model
development and training. Scikit-learn, NumPy,
Matplotlib, and Pandas were used for preprocess-
ing, statistical analysis, and visualization tasks. Py-
thon's extensive ecosystem of libraries, such as
Pandas and Matplotlib, enabled efficient data
manipulation, statistical analysis, and generation of
meaningful visual diagrams. Model training and
evaluation were performed using Jupiter Notebook

locally and Google Collaboratory (Collab) as an
integrated development environment. Collab's
cloud-based GPU support provided an accessible
and scalable solution for training deep learning
models, bypassing the need for high-end local
hardware. The models were executed on Collab's
virtual GPU (approximately 2 GB VRAM), enabling
faster computation while the datasets were stored
and accessed via Google Drive. The local system
used for initial prototyping was an AMD Ryzen 5
notebook with 8 GB RAM and no dedicated GPU,
but the final training and validation were conduct-
ed on Google Collab, ensuring resource efficiency
and compatibility with larger datasets. Tensor-
Flow's machine learning operations were executed
via its dataflow model, facilitating optimized
training through efficient value computation and
backpropagation. To address overfitting and
improve generalization, the implementation
included data augmentation, dropout layers, and
early stopping. Furthermore, cross-validation was
adopted to validate the robustness and consistency
of the models across multiple data partitions [54].

6. Experimentation setup

Model training in deep learning presents several
challenges that can impact the overall performance
and generalization of the model. One of the com-
mon issues is overfitting, where the model achieves
high accuracy on training data but performs poorly
on validation data, indicating it has memorized the
training set rather than learning generalizable fea-
tures. Conversely, underfitting occurs when the
model fails to capture the underlying patterns in the
data, resulting in low accuracy on both training and
validation sets. These limitations are particularly
significant in medical image analysis tasks, where
annotated data is limited and variations in lesion
appearance are complex. To address these chal-
lenges, several strategies were adopted in this study.
Data augmentation techniques such as rotation,
flipping, scaling, and color jittering were used to
artificially increase dataset diversity, thereby
reducing overfitting by exposing the model to
various forms of the same lesion [50]. Early stopping
was employed during training to monitor validation
loss and halt training once the performance on the
validation set began to deteriorate, helping to pre-
vent overfitting [51]. Dropout layers were incorpo-
rated within the deep learning architecture,
particularly in the fully connected layers, to
randomly deactivate a fraction of neurons during
training. This forces the network to learn redundant
representations and discourages over-reliance on

Table 1. HAM10000 skin Lesions dataset with multiclass classification.

MEL NV BCC AKIEC BKL DF VASC

113 6705 514 327 1099 115 142

Table 2. Malignant vs. Benign ISIC Archive dataset with binary
classification.

Category of Sample Number of samples

Malignant 1497
Benign 1800

Table 3. Melanoma Skin Cancer dataset with binary classification.

Category of Sample Number of samples

Malignant 5105
Benign 5500
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specific features [52]. K-fold cross-validation was
applied to ensure the model's robustness across
different data splits. This approach divides the
dataset into k subsets, trains the model on k− 1
subsets, and validates it on the remaining one,
rotating this process. It provides a more compre-
hensive evaluation and reduces the risk of both
overfitting and underfitting [53]. By integrating
these techniques, the model training process was
optimized for stability, generalization, and
improved diagnostic accuracy, particularly in tasks
involving skin cancer classification and segmenta-
tion. The experimental setup in the initial version of
this study was described too vaguely to support
reproducibility. In this manuscript, we now clearly
specify all relevant hyperparameters, computational
environments, and training configurations. The
models were trained using the Adam optimizer with
an initial learning rate of 0.0001, and a learning rate
scheduler was employed to reduce the learning
rate by a factor of 0.1 every 60 epochs without
improvement in validation loss. The batch size was
set to 64, and training was conducted for 100 epochs
with early stopping patience of 60 epochs to avoid
overfitting. Regarding data augmentation, we
applied a range of transformations using the Keras
Image Data Generator, including Random rotation
within the range of ±20◦, Horizontal and vertical
flipping, width and height shift up to 10 %, Zoom
range from 0.8 to 1.2, Shear intensity of 0.2, Bright-
ness range of [0.8, 1.2]. These augmentations were
applied only to the training set, ensuring the test set
remained untouched for unbiased evaluation.

6.1. Observations and decisions based on experimental
results

The experiment is divided into three distinct
cases: case 1, case 2, and case 3. The following Fig. 3

shows the flow of the classification process of skin
and non-skin cancer diseases with three different
cases. In the first case, skin and non-skin cancer
diseases are classified with all features. In the sec-
ond case, the skin and non-skin cancer diseases are
classified with data augmentation technique. In the
third case, skin and non-skin cancer diseases
are classified with the U-net+ model and data
augmentation technique.

Case 1. This case involves the classification of skin
cancer with the original dataset. In Case 1, the
proposed flow architecture is divided into three
sections: preprocessing of the dataset, training, and
testing of the dataset, and evaluation and compar-
ison of models. We have resized and cropped im-
ages of the skin cancer dataset which is an essential
and initial action of preprocessing while preparing
images. It is then followed by adjusting the pixel
values. A commonly used method for normalizing
is to adjust the pixel values so that they fall within
the range of 0—1. This is achieved by standardizing
all pixels by the maximum pixel value (often 255 for
RGB images), after the application of noise reduc-
tion and sharpening filters to the images. Feature
extraction is also very essential to improve the
performance of the model. In this process, the
Gaussian filter method feature extraction is applied
after the normalization of images. The preprocessed
dataset is divided into training and testing partition,
where training and testing datasets are used to train
and test the deep learning-based models respec-
tively, and finally evaluates and compares the per-
formance of models for classification of skin and
non-skin cancer images.
Our research conducted a comprehensive and
methodical analysis across three datasets, as indi-
cated in Table 4, which presents the details of the
classification technique. In this work, the training
and testing samples of three different skin datasets

Fig. 3. Flow of the proposed architecture for classification of skin cancer disease.
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were applied to three deep learning-based models:
CNN, ResNet50, and VGG16. We used the Adam
optimizer to evaluate and optimize performance.
The key evaluation metric used for model com-
parison was accuracy measured on both training
and testing datasets. Testing accuracy served as the
primary metric for final model selection, as it re-
flects generalization performance. The results show
that the VGG16 model achieved the best overall
performance, particularly on the HAM10000 data-
set, with 98.26 % training accuracy and 96.07 %
testing accuracy. It also performed well on the ISIC
Archive dataset (Malignant vs. Benign), with
94.61 % training accuracy and 94.55 % testing ac-
curacy, demonstrating robustness in binary classi-
fication tasks. For the Melanoma Skin Cancer
dataset, ResNet50 achieved the highest accuracy,
recording 95.65 % training accuracy and 93.97 %
testing accuracy. This suggests that ResNet50 may
be more effective for datasets that focus specifically
on melanoma detection, likely due to its residual
learning capabilities which help in deeper feature
extraction and reducing vanishing gradient issues.
CNN showed the lowest performance across all
datasets, with significantly lower testing accuracies
(e.g., 87.29 % on HAM10000 and 86.24 % on the
Melanoma dataset), indicating possible overfitting
or insufficient capacity for deeper feature repre-
sentation. Category-wise, while the metrics are re-
ported at the dataset level, inference can be made
based on dataset characteristics: The ISIC Archive
dataset, which is binary (malignant vs. benign), saw
the best performance by VGG16, suggesting it
handled both benign and malignant classes effec-
tively. On the Melanoma Skin Cancer dataset,
ResNet50's superior performance implies better
malignant lesion detection. CNN struggled to
generalize, especially for the more complex or
imbalanced datasets. Based on these results, de-
cisions can be drawn as follows: VGG16 is the best
choice for multi-class and binary classification
problems, due to its consistently high testing ac-
curacy. ResNet50 is the recommended model for
datasets focusing on melanoma or malignant lesion
detection. CNN should not be considered for

clinical deployment without significant architecture
enhancement or preprocessing adjustments, given
its lower generalization. These decisions are critical
for real-world deployment in medical image clas-
sification, where high accuracy, especially in
detecting malignant lesions, is vital for early diag-
nosis and patient outcomes.

Case 2. Case 2 involves the classification of skin
cancer using an enhanced pipeline that in-
corporates data augmentation. The Case 2 flow ar-
chitecture adds a key preprocessing step as data
augmentation while the rest of the model training
pipeline remains similar to Case 1. By employing
this technique, the focus shifted to improving
model performance using novel transformations to
the dataset. To enhance the training data diversity
and balance, we applied random rotation, flipping,
and cropping techniques to the original images.
This not only increased the volume of the training
dataset but also allowed the models to generalize
better by seeing different perspectives of the same
lesions. This adjustment in data distribution proved
beneficial for the downstream classification process.
The augmented datasets were then used to train
three deep learning models using transfer learning
like CNN-DA, ResNet50-DA, and VGG16-DA,
where “DA” denotes the integration of data
augmentation with deep learning and transfer
learning technqiues. All models were optimized
using the Adam optimizer and evaluated across
three different skin cancer datasets like HAM10000,
Melanoma Skin Cancer, and ISIC Archive (Malig-
nant vs. Benign). The performance results are dis-
played in Table 5. The VGG16-DA model achieved
the highest overall performance, registering 98.89 %
training accuracy and 98.63 % testing accuracy on
the HAM10000 dataset, and 98.02 % training and
97.43 % testing accuracy on the ISIC dataset. These
results underscore the model's capability to handle
both multi-class and binary classifications effec-
tively, even when trained on augmented data. For
the Melanoma Skin Cancer dataset, ResNet50-DA
emerged as the best-performing model, obtaining
98.45% training accuracy and 96.77 % testing

Table 4. Performance comparison of transfer learning with different datasets.

Model's Ham1000 Dataset Melanoma Skin Cancer
Dataset

Malignant vs. Benign ISIC
Archive dataset

Training Testing Training Testing Training Testing

CNN 97.63 % 87.29 % 94.25 % 86.24 % 96.78 % 88.28 %
ResNet 50 96.82% 93.29 % 95.65 % 93.97 % 94.97 % 91.20 %
VGG 16 98.26 % 96.07 % 95.24 % 92.87 % 94.61 % 94.55 %

Bold value indicates the highest performance measures.
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accuracy. The use of residual connections likely
helped in better learning of deeper, non-linear
patterns, particularly useful in malignant lesion
detection. On the other hand, CNN-DA showed
modest improvements compared to its non-
augmented counterpart (CNN from Case 1), but
still underperformed compared to ResNet50-DA
and VGG16-DA. This suggests that despite the
benefits of augmentation, model depth and archi-
tecture complexity remain critical for high-accuracy
lesion classification. Data augmentation led to sig-
nificant improvements in generalization across all
models and datasets. VGG16-DA consistently
delivered the best results overall, making it highly
suitable for clinical deployment. ResNet50-DA is
ideal for malignant melanoma detection, due to its
strength in learning complex features. CNN-DA
improved modestly, but remains less competitive
due to its shallower architecture.

Case 3. Case 3 involves the classification of skin
cancer through a hybrid approach that integrates
both data augmentation and the UNet++ segmen-
tation technique. The Case 3 flow architecture in-
troduces a key additional step UNet++
segmentation building upon the Case 2 pipeline.
This enhanced preprocessing pipeline seeks to
improve model accuracy and robustness by pro-
ducing more refined input for the learning phase.
To further boost the model's performance, we
combined data augmentation with UNet++ seg-
mentation, enabling the model to extract more fine-
grained lesion features. Data augmentation, already
proven effective in Case 2, remains valuable in
increasing model generalization, especially in
medical imaging tasks like skin lesion classification.
UNet++ enhances the model's ability to perform

pixel-level segmentation with high precision, even
from limited training samples, which is particularly
crucial in medical applications. In our segmentation
phase, UNet++ generates highly detailed seg-
mentation feature maps, which help the classifica-
tion models (CNN, ResNet50, VGG16) focus more
accurately on lesion-specific regions. In this case,
we proposed three different hybrid models:

• CNN-DAUNPP: CNN + Data Augmentation
+ UNet++
• ResNet50-DAUNPP: ResNet50 + Data
Augmentation + UNet++
• VGG16-DAUNPP: VGG16+Data Augmentation
+ UNet++

All three models were evaluated on three bench-
mark skin cancer datasets―HAM10000, Melanoma
Skin Cancer, and ISIC Archive (Malignant vs.
Benign), and optimized using the Adam optimizer.
The performance outcomes are presented in Table
6. VGG16-DAUNPP is the best overall model,
showing consistently superior training and testing
accuracies, particularly 98.83 % testing accuracy on
HAM10000 dataset and 98.63 % on ISIC dataset
(Benign vs Malignant). ResNet50-DAUNPP deliv-
ered the best results for the Melanoma Skin Cancer
dataset, especially in malignant lesion classification,
achieving 98.87 % testing accuracy, making it ideal
for early and accurate detection of life-threatening
cancers. CNN-DAUNPP, despite improvements
over Case 1, did not benefit significantly from the
UNet++ segmentation, indicating that simpler
CNN architectures may not fully utilize the rich
feature maps provided by UNet++. All perfor-
mance evaluations were primarily based on the
accuracy metric, as shown in Table 6. However, for

Table 5. Performanc e comparison of transfer learning models using data augmentation with different datasets.

Model's Ham1000 Dataset Melanoma Skin Cancer
Dataset

Malignant vs. Benign ISIC
Archive dataset

Training Testing Training Testing Training Testing

CNN-DA 97.83 % 88.39 % 94.75 % 87.48 % 97.58 % 89.88 %
ResNet50-DA 98.64 % 97.86 % 98.45 % 96.77 % 97.77 % 94.60 %
VGG16-DA 98.89 % 98.63 % 97.84 % 96.67 % 98.02 % 97.43 %

Bold value indicates the highest performance measures.

Table 6. Performance comparison of transfer learning models using UNet++ segmentation technique on augmented data with different datasets.

Model's Ham1000 Dataset Melanoma Skin Cancer
Dataset

Malignant vs. Benign ISIC
Archive dataset

Training Testing Training Testing Training Testing

CNN-DAUNPP 97.83 % 88.39 % 94.75 % 87.48 % 97.58 % 89.88 %
ResNet50-DAUNPP 98.64 % 97.86 % 98.45 % 98.87 % 97.77 % 94.60 %
VGG16-DAUNPP 98.89 % 98.83 % 97.84 % 96.67 % 98.02 % 98.63 %

Bold value indicates the highest performance measures.

A.K. Shrivas, H. Vastrakar / Karbala International Journal of Modern Science 11 (2025) 660—676 671



clinical diagnosis, F1-score and recall will be high-
lighted in future work due to their importance in
handling imbalanced data scenarios. The UNet++
segmentation step significantly improved localiza-
tion and boundary detection, which in turn
enhanced classification accuracy especially critical
in detecting subtle malignancy patterns. Decisions
informed by these Observations, VGG16-DAUNPP
is highly recommended for deployment in multi-
class and binary classification tasks due to its
robustness and adaptability across datasets.
ResNet50-DAUNPP should be used where the
detection of malignant lesions (e.g., melanoma) is
prioritized, given its depth and feature refinement.
CNN-DAUNPP is not recommended for clinical
use, unless model complexity is strictly limited by
computational constraints.

In Fig. 4, the validation loss curve appears to begin
at a lower value than the training loss curve during
the initial epochs, which might seem counterintui-
tive. This behavior can occur due to the presence of
regularization techniques (such as dropout), which
are active only during training and not during
validation. During the early stages of training, the
model may perform better on the relatively simpler
validation data (which is not augmented), while
struggling with the augmented training samples. As
training progresses, the model adapts and this
discrepancy typically resolves. This behavior is
well-documented in deep learning literature.
Figs. 4 and 5 show the accuracy and model loss of
the proposed CNN-DAUNPP with Ham1000 and
Malignant vs. Benign ISIC Archive dataset respec-
tively. Fig. 6 shows the accuracy and model loss of

Fig. 4. Accuracy and model loss of VGG16-DAUNPP with Ham1000 dataset.

Fig. 5. Accuracy and model loss of VGG16-DAUNPP with Malignant vs. Benign ISIC archive dataset.

Fig. 6. Accuracy and model loss of ResNet50-DAUNPP with Melanoma skin cancer dataset.
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the proposed ResNet50-DAUNPPmodel with the
Melanoma Skin Cancer dataset.

7. Result analysis and comparison

This section explores the comparative analysis of
the proposedmodel with other existingmodels work
done by different researchers with HAM10000, Mel-
anoma Skin Cancer, and Malignant vs. Benign ISIC
Archive dataset in terms of accuracy. Consequently,
it's reasonable to assume that the data augmentation
and UNet++ segmentation techniques help to
enhance the performance of the model. Table 7
shows that comparative analysis of relative works
with our proposedmodel where our proposedmodel
achieved better accuracy as compared to others.

8. Conclusion

In this study, we conduct a thorough empirical
assessment of deep learning frameworks for the
categorisation of skin cancer using dermoscopy-
based approaches. Deep learning models may be
able to help medical practitioners discover skin le-
sions, which is an important first step in the process
of caring for patients. Augmentation and UNet++
segmentation approaches are particularly signifi-
cant for increasing the performance of deep
learning-based models. This research work de-
velops a robust deep learning-based model using
CNN, ResNet50, and VGG16 with data augmenta-
tion and UNet++ segmentation techniques. The
proposed models are compared with and without
data augmentation and UNet++ segmentation

technique where our proposed deep learning-
based model achieved better accuracy with data
augmentation and UNet++ segmentation tech-
niques. The proposed model is compared in terms
of accuracy where the VGG16-DAUNPP model
achieves better accuracy with Ham1000 and with
Malignant vs. Benign ISIC Archive dataset in case
of both with and without data augmentation and
UNet++ segmentation technique, but ResNet50
achieves better accuracy with Melanoma Skin
Cancer dataset in case of both with and without
data augmentation and UNet++ segmentation
technique. We have also compared our proposed
model with previously developed models by
different authors in which our proposed model
achieved better accuracy as compared to others. In
conclusion, our proposed model is not only effec-
tive and accurate for skin cancer classification but
also shows strong potential for real-world clinical
deployment, addressing the original motivation of
cost-effective, objective, and scalable diagnosis.

9. Future scope and clinical deployment

In future work, we aim to explore additional opti-
mization algorithms, ensemble fusion strategies, and
image enhancement techniques to further improve
classification accuracy as well as validate other per-
formance measures like sensitivity, specificity, pre-
cision and F-score across diverse datasets and skin
types. Moreover, to bridge the gap between research
and clinical practice, we will work towards validating
the model's predictions through collaboration with

Table 7. A comparative analysis of relative works with the proposed model.

Author Name and Year Dataset Deep Learning models Accuracy (%)

Gamage, L. et al. (2024)
[55]

ISIC2019 EfficientNet-B4 with
DenseNet Feature Fusion

92.68 %

Gouda, W. et al. (2022)
[28]

ISIC2019 CNN, ResNet-50 83.1 % with CNN,83.6 %
with ResNet-50

Srinivasu, P. N. et al.
(2021) [8]

HAM10000 Mobile Net with LSTM 85 %

Yao, P. et al. (2021) [29] HAM10000 RegNetY-3.2GF 85.8 %
Rahman, Z. et al. (2021)

[30]
HAM10000 ResNetXt, SeResNeXt,

DenseNet, Xception,
ResNet

88 %, 89 %, 91 %, 88 % &
84 % respectively

Ameri, A. (2020) [31] HAM10000 AlexNet 84 %
Polat, K., & Koc, K. O.

(2020) [32]
HAM10000 CNN, ResNet 77 % with CNN, 78 % with

ResNet
Sae-Lim, W. et al. (2019)

[33]
HAM10000 MobileNet 83.9 %

Li, X. et al. (2019) [34] ISCI2019 AlexNet,Vgg16, ResNet18,
ResNet101

80.31, 84.16, 85.65 &
85.54 % respective

Proposed Model ISIC2019 VGG16-DAUNPP 98.63 %
HAM10000, VGG16-DAUNPP 98.83 %
Melanoma Skin Cancer
Dataset

ResNet50-DAUNPP 98.87 %
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dermatologists and other healthcare professionals.
Inspired by studies such as L. Gamage et al. [55],
which discuss real-world implementation chal-
lenges, our goal is to deploy the proposed framework
as a practical computer-aided diagnostic tool in
dermatology clinics. Such deployment will involve
rigorous clinical trials, integration with electronic
health record systems, and user-interface develop-
ment for clinicians. By addressing model interpret-
ability, reliability, and regulatory compliance, our
future work will support the translation of AI-based
skin cancer classification systems from academic
prototypes to usable medical applications. Further-
more, to evaluate the clinical applicability of the
proposed model, collaboration with medical experts
such as dermatologists is essential. Although this
study primarily focuses on algorithmic performance
across benchmark datasets, future validation will
include expert annotation, double-blinded testing,
and histopathological ground truth comparison.
Such collaboration would help verify the model's
diagnostic decisions in real-world scenarios and
enhance its trust and usability in clinical workflows.
Additionally, clinician feedback will guide necessary
improvements in usability, interpretability, and
clinical safety of the deployed system. In future we
will also plan to incorporate and train advancedCNN
and Vision Transformer (ViT) models such as Con-
vNeXt, Swin Transformer, DeiT, ViT, and Effi-
cientNetV2 on the same datasets and experimental
setups. This approach will increase accessibility,
especially in remote and underserved areas, aligning
with the broader goal of democratizing healthcare
through AI.
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