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Abstract:

exposure to ionizing radiation (IR) can cause basal cell carcinoma (BCC) development. A skin

lesion is a region that is differentiable from another skin surface which can occur because of skin

damage, allergy, etc. Even though the majority of skin lesions are mild and are not that dangerous

yet few of them are infectious and their severity can turn into skin cancer. In USA, 5.4 million

people are analyzed with skin cancer. The diverse types of skin lesions result in an incorrect diagno-

sis because of their high similarity. Skin lesions can be treated by dermatologists. The current work

proposes a model for the classification of skin lesions. The proposed methodology aims to detect

and classify skin lesions using potential and different deep-learning algorithms. The research focus-

es to achieve state-of-the-art accuracy and compare the performance of algorithms.
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1. Introduction

NSkin cancer is common types of
cancer which has a life-threatening effect. The
atomic bombs exploded over Nagasaki and
Hiroshima exposed the population to both
neutrons and gamma rays. Epidemiological
studies revealed that atomic bomb survivors
living in Nagasaki and Hiroshima showed
relationship between ionizing radiation and

risk of skin cancer development (1). In united

states, it has affected more than 9500 individu-
als on regular basis and around 3.6 million
individuals suffered from basal cell skin cancer
on annual basis. Most occurring form of skin
cancer is Melanoma which grow in melano-
cytes cell and its severity can affect stomach,
lungs and other body parts. According to
report, the early detection of malignant mela-
noma can be treated 99% whereas; patients
with progressive melanoma has 25% survival

probability [2].
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Figure 1: Sample images of Skin lesion from
Ham1000 dataset

Early detection of skin lesion increases proba-
bility of patient’s survival. So, the significance
of detection and classification of different skin
lesion has raised. The similar appearance of
mild and severe skin lesion makes the detec-
tion and classification, a challenging task. The
diagnostic task of skin lesion is based on
ABCDE formula:

. A representing asymmetric skin
surface

. B representing abnormal border

. C representing lesion color

. D representing lesion diameter

. E representing lesion enlargement

Different skin cancers seem alike with respect

to above properties. There is a chance of error

5CC Vase

if detection is made via naked eye [3]. Dermos-
copy is the significant method for detecting
skin lesion as compared to clinical approach
like biopsy etc. which is time taking procedure.
But dermoscopy has some demerits as it is
error prone. So, there is high need of effective
technique for accurate detection with less error
rate [4,5].

Deep learning (DL) is edge cutting technology
which trains model for specified task more
accurate as compared to machine learning.
This research aims to utilize deep learning
algorithm for skin lesion detection and classifi-
cation through dermoscopic images as DL fast
learning models are less error prone. Data
augmentation is required as dataset is dispro-
portional, it is done through affine transforma-
tion. Moreover, the model is cross-validated
for effective performance [6].
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2. Methodology
Figure 2 shows the proposed methodology of

system.
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Figure 2: Proposed methodology

The methodology of the proposed research
comprised of following phases:

2.1 Dataset collection

The targeted dataset is HAM1000 dataset. The
HAMI10000 ("Human Against Machine with
10,000 training images") dataset is a collection
of multi-source dermatoscopic images of
pigmented lesions,which is sourced from
various populations and stored by using differ-
ent techniques. It comprises of 10,015 images
and 7 distinct categories of skin cancer. The
seven categories of skin cancer are Melanocyt-
ic nevi, Melanoma, Dermatofibroma, Benign
keratosis-like lesions, Actinic keratosis, Basal

cell carcinoma, Vascular lesions.

Testing and Valldathon

2.2 Preprocessing

After collecting the target dataset, it is passed
to a preprocessing phase where data cleansing
is performed. The data underwent normaliza-
tion through various methods, such as reducing
missing values, resizing images, and properly
labeling them. This normalization process is
crucial for the success of the research as it
minimizes the loss of information. This helps
to concentrate on the region of interest. Figure
3 shows the dataset image size reduction to

minimize the computational cost of the model.

Figure 3: Image resizing
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2.3 Training

After undergoing processing, the dataset was
used to train three different neural network
models. The training models include Artificial
Neural Network (ANN), Convolutional Neural
Network (CNN) and Visual Geometry Group
(VGG-16).

2.3.1. ANN

Artificial Neural Networks (ANNSs) are mathe-
matical models made up of interconnected
processing units, also known as neurons. These
neurons receive signals from other neurons,
process the information by combining and
transforming it, and produce a numerical
output. The processing units in an ANN mimic
the structure of biological neurons and are
interconnected to form a network, creating the

artificial neural network.

2.3.2. CNN

A Convolutional Neural Network (CNN) is a
technique in computer vision that is designed
to identify and distinguish the features of
images. This architecture takes skin lesion
images as input and passes them through a
convolutional layer, where the weights are
transformed into features. These features are
further refined in the pooling layer before
being transformed into a 1D representation in
the fully connected layer. Finally, the features

are classified using a Softmax layer.

2.3.3. VGG-16

The VGGI16 architecture, a Convolutional
Neural Network (CNN), won the 2014
ILSVRC (Imagenet) competition. It is consid-
ered to be one of the most advanced vision

models developed to date. The VGG16 model
consists of 16 layers and is known for its
consistent placement of convolutional and
max-pool layers throughout its architecture
[7].

2.4. Model Validation

After training, the performance of the model is
evaluated based on some parameters. It evalu-
ates if the model is classifying the classes
accurately or not. Figure 4 shows the block

diagram of the proposed research.

[ Training and Testing ]

Classification

Figure 4: Block diagram of a system

3. RESULTS

In present section, the results of the proposed
study are presented in numerical values and
confusion matrices. Three classifiers were
used for the experimental process, including
Atrtificial Neural Network, Convolutional
Neural Network, and Visual Geometry Group.
First, the ANN model is considered which is

comprised of three different layers (input,

38 LGU Int.J. Elect.Crime Investigation 7(1):LGUIJECI MS.ID- 04 (2023)




Skin Lesion Detection and Classification Using Deep Learning

hidden, and output). Figure 5 shows the archi-

tecture of ANN.

Figure 5: ANN architecture

ANN took input image from HAM1000

dataset and performance classification accord-
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shows the accuracy of ANN model after 10

epochs. The average accuracy gained after
ANN training is 70.5%
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Figure 7: Confusion Matrix of ANN is comprised of different layers. Figure 8

shows the general structure of CNN for skin

Secondly, the CNN model is considered which lesion classification.
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Figure 8: general structure of CNN model performances classification according to 7

different skin cancer classes. Figure 9 shows
CNN took input images from the HAM1000 the accuracy of CNN model after 10 epochs.
dataset and pass them to convolutional, The average accuracy gained after CNN
pooling, fully connected layers. After that, it training is 71.5%
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Figure 9: Accuracy of CNN Figure 10 shows the confusion matrix of the
CNN model.
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Figure 10: Confusion Matric of CNN which is comprised of 16 different layers.
Figure 11 shows the basic structure of
Thirdly, the VGG-16 model is considered VGG-16.
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Figure 11: Basic structure of VGG-16 cation according to 7 different skin cancer

classes. Figure 12 shows the accuracy of
VGG-16 took input images from the VGG-16 model after 10 epochs. The average
HAMI1000 dataset and pass them to its 16 accuracy gained after VGG training is 75.6%

different layers. After that, it performs classifi-
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Figure 12: accuracy of VGG-16 model Figure 13 shows the confusion matrix of the

VGG-16 model.
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Figure 13: Confusion Matric of VGG-16 Figure 14 shows the comparison in perfor-
mance of VGG, CNN and ANN.
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Figure 14: Performance comparison of 3 Figure 15 shows a comparison of the model
models performance of ANN with respect to Precision,
Recall and F1-score.
Precision
['e.26%", '©.48%', '0.43%", '0.12%', 'e.81%", 'e.41%', '9.44%’°]
Recall
['e.20%", '@.51%"', '@©.22%', '©.e8%', 'e.92%', '8.25%', '9.34%']
F1 Score
['©.28%", '©.49%", '©.29%°, '©.10%', 'e.86%', '©.31%', '9.39%']
Specificty
.46
Figure 15: Precision, Recall, F1-Score of 7 Figure 16 shows a comparison of the model
classes with respect to ANN performance of CNN with respect to Precision,
Recall and F1-score.
Precision
['e.33%', "e.5eXx", 'e.42%", 'e.eek’', '©.85%', '@.66%', '@.66%']
Recall
['e.38%', 'e.65%", '@.51%", 'e.eeXk’, 'e.91%', 'e.21%", '9.59%']
F1 Score
['©.35%", "@.56%", '©.46XK", '0.00%', '9.88%', '€.31%", '0.62%']
Specificty
8.5832352941176471
Figure 16: Precision, Recall, F1-Score of 7 Figure 17 shows a comparison of the model
classes with respect to CNN performance of VGG with respect to Precision,

Recall and F1-score.
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Precision
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Recall
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Fl Score
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Figure 17: Precision, Recall, F1-Score of 7
classes with respect to VGG

4. CONCLUSION

A method was developed in the proposed study
for classifying seven types of lesions. The
proposed method achieved high performance
measures, including accuracy, sensitivity,
specificity, and precision respectively. The
performance of methods increased when the
number of images in all classes decreased to
address the imbalance issue. Fine-tuning all
architecture layers resulted in higher perfor-
mance measures compared to fine-tuning only
the replaced layers. Additionally, the compari-
son has also performed to evaluate the perfor-
mance of all three models (VGG, CNN, ANN).
After experimental analysis, VGG outperform
in classification as compared to other two

models with 75.6% accuracy.
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