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Abstract

Skin, the largest organ of the human body, serves as a crucial barrier against external threats. Among the
myriad skin diseases, melanoma, or skin cancer, stands out as one of the most perilous and lethal conditions.
However, its prognosis dramatically improves when detected early. The advent of advanced diagnostic
imaging methods has mitigated the risks associated with cancer treatment, facilitating precise diagnoses and
enhancing treatment efficacy. The development and evaluation of image processing algorithms for medical
image analysis heavily rely on the availability of medical images. In this study, we utilize dermoscopic images
sourced from the PH2 database for analysis. Our results demonstrate that the Skin Cancer Classification
(SCC) system, employing Convolutional Neural Networks (CNN), outperforms traditional methods in terms of
accuracy (98.5%), specificity (100%), and sensitivity (97.5%) across both stages of evaluation. From the
analysis, it is evident that the superiority of CNN-based SCC systems in accurately diagnosing skin cancer.
This paper underscores the significance of leveraging advanced image processing techniques for medical
image analysis, paving the way for reliable skin cancer classification systems with potential clinical
applicability.
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1. Introduction

Skin cancer is among the illnesses that cause the most
fatalities worldwide. Skin cancer can come in two
main forms: melanoma and non-melanoma. If these
lesions are found early, the cure rate may increase to
90% [4]. Visual inspection is challenging because of
the many different forms of skin lesions' striking
similarity, which could lead to inefficient study [3].
As a result, a computerized approach is needed for
classifying skin lesions. For this classification
system, artificial intelligence and image processing
methods were employed. The prior computer-aided
techniques for dermatological image classification
suffered from two major problems. The imaging
procedure, in which skin images are captured using a
special tool called a dermoscopy and other medical

images, such as histology images, are acquired,
which is the second most challenging problem. The
two most important parts of a Computer Aided
Diagnosis (CAD) system are feature extraction and
categorization. In the earlier stages, numerous
spatial and spectral features are used, and
numerous machine-learning techniques are
produced in the later stage for the categorization.
The color, shape, and texture of skin lesions are the
primary characteristics used to categorize skin
cancers. The model parameters can be employed as
features and dimensionality reduction can be
achieved if the skin lesion is accurately modeled
using cutting-edge approaches. The parameters of
the suggested model as well as common properties
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like color and texture are successfully investigated in
this study. This study uses deep learning because it
enhances the computerized system's ability to
diagnose melanoma. This paper presents the
application of a Deep Convolutional Neural Network
(DCNN) for the classification of color images
depicting various types of skin cancer. Specifically,
the DCNN is tasked with categorizing these images
into three distinct types: Melanoma, atypical nevus,
and common nevus. By leveraging the capabilities of
DCNNS, this study aims to enhance the accuracy and
efficiency of skin cancer diagnosis, thereby
facilitating timely and precise medical interventions
for patients. The suggested approach offers two key
benefits over the earlier computer-assisted skin
cancer techniques. In the Primary Phase, any form of
image can be used with the suggested technique for
dermoscopic and photographic images. In the
Secondary Phase, there is no pre-processing
necessary with the suggested approach. It employs
the collected color skin pictures directly. Current
work depicts the various approaches used for skin
cancer detection and efficient use of the transfer
learning approaches in skin cancer classification.

2. Proposed Study

2.1 Literature Survey

Advancements in both treatment and detection
modalities have contributed significantly to the
reduction in skin cancer mortality rates over the past
three decades. The vast body of research conducted
in these domains has led to substantial progress. Early
detection is paramount for improving cancer
prognosis, and the development of Computer-Aided
Diagnosis (CAD) systems has played a pivotal role in
enhancing diagnostic accuracy and efficiency. These
systems  leverage image  processing  and
computational intelligence techniques to aid various
healthcare professionals, including physicians,
cardiologists, neuroscientists, radiologists, and
healthcare technologists. This paper surveys a range
of methods employed in classifying skin cancer using
dermoscopic images. By exploring the landscape of
research in this field, it provides valuable insights
into the evolving landscape of skin cancer diagnosis
and highlights the potential of CAD systems in
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revolutionizing medical image analysis. The
incidence and mortality rates of skin cancer have
been on the rise globally due to the uncontrolled
proliferation of skin cells. In the USA alone, in
2018, there were approximately 91,270 new cases
of melanoma with an estimated 9,320 deaths
(American Cancer Society, 2018). Worldwide, in
2012, there were over 32,000 new cases of
melanoma and about 55,000 associated deaths
(Stewart, 2014). Notably, mortality rates tend to be
higher in men compared to women. Early detection
and treatment are crucial for mitigating mortality,
given melanoma's propensity for rapid spread
throughout the body [2]. In recent years,
considerable efforts have been directed towards
developing Computer-Aided Diagnosis (CAD)
systems for the screening and detection of skin
cancers. Abuzaghleh et al. (2015) proposed a non-
invasive approach for skin lesion classification that
incorporates real-time alerts for detecting skin
burns. Their system utilizes texture, color, and
shape features for early lesion classification,
employing a Support Vector Machine (SVM)
classifier. Alencar et al. (2016) introduced a Multi-
Layer Perceptron (MLP) network trained on color
and edge characteristics of lesions, employing the
back-propagation algorithm for effective lesion
classification [1]. Garnavi et al. (2012) explored
melanoma diagnosis using wavelet-based features,
integrating them with geometrical and border-
based features. They employed various classifiers
such as SVM, Random Forest (RF), Naive Bayes
(NB), and logistic tree models for classification.
Sadri et al. (2017) proposed a fixed grid wavelet
network for melanoma diagnosis, employing the
relief algorithm to select ten effective features
from a multitude of color, shape, and texture
features for classification purposes [5]. Yu et al.
(2016) introduced a method for skin lesion
segmentation  and  classification  utilizing
Convolutional Neural Networks (CNNs). Their
approach employs a fully convolutional residual
network for segmentation, and for classification, a
deep residual network is utilized. They address the
degradation problem through the use of residual
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learning, which enhances model performance. Celebi
and Zornberg (2014) proposed a skin lesion
classification technique based on symbolic regression
algorithms.  This method leverages clinically
significant colors to compute malignancy scores,
aiding in the classification process. Furthermore, a K-
means clustering approach is employed to reduce the
number of colors in dermoscopic images, thereby
facilitating subsequent analysis and classification
tasks [17] [16]. Hekler et al. (2019) developed a
CNN-based gradient boosting method tailored for
dermatologists and artificial intelligence (Al)
systems. Their approach focuses on biopsy-verified
skin  lesion  classification and  detection,
distinguishing between benign and malignant tumors
through 37 binary classifications. In a related study,
Goyal et al. (2020) utilized Al-based image
classification to diagnose various skin lesion datasets.
They leveraged dermoscopy images sourced from
clinical and histopathology data, showcasing the
potential of Al in accurate skin lesion diagnosis.
Additionally, Amin et al. (2020) contributed to
distinguishing between malignant and benign lesions
using various image modalities. Their research
highlights the importance of integrating different
imaging techniques to enhance diagnostic accuracy in
lesion classification [7] [8]. Maron et al. (2019)
conducted a comprehensive multiclass skin cancer
classification study utilizing a CNN model, coupled
with K-nearest neighbors (KNN) algorithm and
Support Vector Machine (SVM) classifier for deep
learning techniques. Their research focused on
biopsy-verified images, emphasizing the primary
endpoint of distinguishing between benign and
malignant diseases. In a related effort, Mahbod et al.
(2020) proposed a multi-network ensemble approach
for skin lesion classification. Their study introduced
a secondary endpoint, aiming for the accurate
classification of images into different categories,
showcasing the efficacy of ensemble methods in
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enhancing classification accuracy. Furthermore, to
address challenges related to image quality and
resolution, a multi-CNN multi-scale blending
mode techniqgue was employed for image
enhancement. This technique enables effective
subsampling or cropping of skin lesion images,
thereby enhancing the robustness and performance
of the classification models [10] [14]. Ghalejoogh
et al. (2020) introduced a hierarchical structure-
based stacking ensemble method for dermoscopy
image evaluation, utilizing datasets from PH2 and
Gangster with five-fold cross-validation. Their
approach aimed to improve classification
performance  through the integration of
heterogeneous classifiers with meta-learning
techniques. Qin et al. (2020) proposed a skin lesion
classification system employing generative
adversarial  networks (GANSs)-based image
synthesis along with heterogeneous classifiers and
meta-learning  methods.  Their  approach
emphasized accurate diagnosis through improved
performance [6]. Rodrigues et al. (2020) developed
a skin cancer classification system applicable to
loT platforms, enabling doctors to access diagnosis
assistance anytime and anywhere. Their system,
aided by an Artificial Neural Network (ANN)
model, ensures objective diagnoses with minimal
subjective factors. Harangi et al. (2020) introduced
a system integrating the visual geometry group
system and deep learning framework for skin
cancer classification. Utilizing various neural
network algorithms and the ResNet system, their
approach provides real-time network models for
cancer classification. The Table 1 provided
summarizes the datasets used in recent studies on
skin cancer classification, reflecting the diverse
contributions of researchers towards improving
prevention and detection in this domain [12] [13].
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Table 1 Summarizes the Skin Cancer Datasets
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2.1 Methodology
Diagnosing skin cancers, particularly melanoma,
presents a significant challenge even for experts due
to the absence of a simple set of noninvasively
obtainable indicators for near-perfect diagnosis.
Efforts in public awareness campaigns and
educational initiatives for general practitioners (GPs)
have provided valuable insights and diagnostic aids.
Timely intervention, particularly through early
removal of lesions before invasion and metastasis,
significantly improves the prognosis for skin cancer
patients. Consequently, there's a pressing need to
enhance the speed and accuracy of primary care
diagnosis, emphasizing the importance of earlier
detection and prompt referral. However, the
complexity and skill required for accurate diagnosis,
combined with the vast breadth of knowledge
demanded of GPs, often exceeds what can be
reasonably expected in primary care settings. This
underscores the necessity for diagnostic support
tools. This paper aims to propose a system
architecture for skin cancer diagnosis leveraging
image processing and machine learning techniques,
primarily utilizing dermoscopic images. Figure 1
illustrates the proposed system's components and
workflow, aiming to assist healthcare professionals in
making more accurate and timely diagnoses. The
Large variety of categorized images makes it difficult
to build a deep neural network. Switch learning and
photo zooming are applied to the pre-trained AlexNet
to accomplish this important task. The proposed
method has the potential to score three distinct errors
by replacing the last SoftMax level with only 3

lessons. According to the transfer study, the
weights of the revised version have been
qualitatively refined, similar to the expansion of
the dataset. The proposed technique as shown in
the Figure 1 has most important benefits over the
sooner pc-aided techniques for skin most cancers.
First, the proposed method has the capacity to
paintings with any kind of picture (dermoscopic
and photographic). 2nd, the proposed technique
does not require any pre-processing. It works
immediately with the received color pix of pores
and skin.
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Figure 1 Proposed Architecture

a. Images
Skin Cancer is one of the most common types of
disease in the United States [9]. In this paper, the
image of skin cancer that normally present in the
form of RGB. These images represent having the
cancer on the human body as shown in the Figure
2, 3and 4.
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Figure 2 Skin Cancer Images of Vascular Lesions

P

Melanocytic nevi

Figure 3 SKin Céncer Images of Melanocytic and
Melanoma

Actinic keratoses

Figure 4 Skin Cancer Images of Actinic and
Basal

b. Preprocessing
In this process, the image used in the analysis was
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converted into gray format. In this transformation,
it is able to adjust the edges of the image and
automatically that image converted into RGB to
gray scale. Then further adding the erosion and
dilation to that image.

c. Transformation

Training a new CNN model requires a large
number of images. Unfortunately, no skin lesion
dataset is available with thousands of annotated
images. Transfer learning theory is a key solution
to this difficult problem, where a large set of
medical data like ImageNet can be leveraged
within AlexNet. In the proposed model, three
different methods were applied to AlexNet: First,
the last level used for classification was replaced
with a new softmax level to classify input images
into three classes instead of 1000 as in ImageNet.
Second, backpropagation was used to refine the
weights to generate new weights to better classify
the skin lesions. A slow learning rate is used so that
the convolutional layer weights do not change
drastically while the fully connected layer weights
are randomly initialized. [11] [15]

d. Classification
CNNs show high performance as advanced skin
lesion classifiers. Unfortunately, it is difficult to
compare different classification methods because
some approaches use non-public datasets for
training and/or testing, making reproducibility
difficult. Future publications should use publicly
available references and fully disclose training
methods to allow for comparability. CNNs can be
included in the classification by removing fully
connected CNN layers that have been pre-trained
on a large data set. When classifying skin lesions,
initial training is done with ImageNet. Despite the
non-medical domain of the image, the learned
features are of sufficient quality to classify lesions.
Finally, semantic sentiment analysis concept is
used which is mainly concerned about the semantic
meaning of the word. It could be divided into two
types: contextual semantics and conceptual
semantics. Conceptual semantic information about
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a function that can be integrated with the Naive Bayes
machine learning method to improve sentiment
analysis performance.
2.2 Experimental Results

The significance of automated pattern recognition
systems for skin cancer diagnosis is underscored by
the substantial research interest, particularly in
dermoscopic image classification. Many crucial
diagnostic indicators used in clinical assessment,
such as size, border irregularity, notching, and
asymmetry, can be extracted from various sources of
information. The extent of the lesion is a critical
factor for analyzing features such as color and texture
within the lesion area. These features are essential for
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identifying malignancy in melanoma accurately.
The features incorporated into the system can be
categorized into three main groups:

Color Moments: Statistical properties of local
color information.

Modeling Parameters: Parameters representing
spatial and frequency domains.

Spatial Patterns: Spatial characteristics of skin
lesions captured during analysis. By leveraging
these diverse sets of features, the automated system
can effectively capture and analyze the complex
patterns present in dermoscopic images, enhancing
the accuracy of skin cancer diagnosis.

Figure 5 Results Computed for Skin Cancer Classification using CNN Model

The classification scenario described follows a two-
stage deep learning approach. In the first stage, the
system classifies images as either normal or
abnormal, while in the second stage, it further
classifies abnormal cases into benign or malignant.
The significance of color in skin lesion diagnosis is
widely acknowledged, with color providing crucial
information for identifying lesion boundaries.
Features such as specific shades and color variability
play a vital role in diagnosis, often included in skin
cancer checklists and descriptions for differential
diagnosis. Results computed for skin cancer
classification using CNN model are shown in Figure
5.

Table 2 Comparative Study of Dermoscopic

Databases
#lmages
Database A, S, s,
used
PH" 200 - 97.5 96

Caucasian race
1 360 91.1 | 83.3 03
dataset includes PH-

PH" 200 97.5 | 97.7 | 96.7
PH" 200 87.33 [ 87.08 | 88.13
PH 200 90.50 | 90 |91.25
PH" 200 953 | 95 | 96.25
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Table 3 Comparative Study of Classification

Methods
Classification TPR TNR PPV ACC
Method (%) (%) (%) (%)
Symmetry type 67 89 69 83
Joint Reverse 87.50 | 93.13 -— 92
ANN 90.86 | 96.11 92.38 92.5
SVM 97 84 -— 96
DCNN 98.33 | 98.93 | 97.73 98.61

Table 4 Performance Measure of Proposed

Model
Average Average Average Average
accuracy | sensitivity | specificity | Precision
(%) %) (%) (%)

80 72.92 83.33 75.81

98.61 98.33 98.93 97.73

Tables 2, 3, and 4 summarize comparisons across
dermoscopic databases, classification methods, and
performance measures of the proposed model. Given
the two-stage classification process, performance
measures such as accuracy (Ac), sensitivity (Sn), and
specificity (Sp) represent average performances
across both stages. The analysis utilizes the same set
of training and testing images for consistency.
Results indicate that the CNN model outperforms
existing approaches, yielding promising results
compared to recent studies by Hekler et al. (2019),
Maron et al. (2019), and Rodrigues et al. (2020).
However, achieving higher performance with CNN
necessitates a larger number of training images.
Overall, these findings underscore the potential of the
proposed CNN-based model in enhancing skin cancer
diagnosis, offering improved accuracy and reliability
compared to previous methodologies.

Conclusion

In this study, a model is trained on neural networks to
classify seven different forms of skin cancer using
transfer learning. Early detection of skin cancer is
critical for successful treatment, yet it remains
challenging to diagnose at later stages. We explore
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utilizing the output of base layers as inputs to
classical machine learning algorithms like Support
Vector Machines (SVM) and other ensemble
models. This approach enables a deeper
understanding of the model by incorporating
machine learning models as the top layers,
potentially enhancing classification accuracy.
Understanding how  Convolutional ~ Neural
Networks (CNNs) process images is crucial,
especially in  medical applications where
interpretability is essential. CNNs are often
perceived as "black boxes," and interpreting them
can provide valuable insights for future research,
particularly in the medical domain. Furthermore,
incorporating image segmentation techniques to
isolate skin lesions may reduce noise in input data,
potentially improving classification performance.
However, our study suggests that the proposed
method outperforms this approach. To further
advance this research, future studies could explore
larger model architectures and conduct more
extensive fine-tuning with increased
computational and memory resources. Expanding
the scope of analysis may lead to further
improvements in skin cancer classification
accuracy and pave the way for more effective
diagnostic tools
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