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Abstract

Skin cancer is a common form of cancer that affects millions of people worldwide. Early detection and
accurate diagnosis of skin cancer are crucial for effective treatment and management of the disease. There
has been a growing interest in using deep learning techniques and computer vision algorithms to develop
automated skin cancer detection systems in recent years. Among these techniques, convolutional neural
networks (CNN) have shown remarkable performance in detecting and classifying skin lesions. This paper
presents a comprehensive study using CNN and deep learning techniques for skin cancer detection using
the International Skin Imaging Collaboration (ISIC) dataset. The proposed architecture is a compact deep
CNN that is trained using a dataset of benign and malignant skin lesion images. The proposed architecture
has achieved 84.8% accuracy, 83.8% TPR, 83.7% TNR, 81.6% Fl-score and 80.5% precision for
performance evaluation. The experimental results show promising results for the accurate and efficient
detection of skin cancer, which has the potential to improve the diagnosis and treatment of this life-
threatening disease.
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Ozel Derin Konvoliisyonel Sinir Ag1 Kullanarak Cilt Kanseri Tanima
Oz

Cilt kanseri, diinya genelinde milyonlarca insani etkileyen ciddi ve yaygin bir kanser tirtdiir. Cilt
kanserinin erken teshisi ve dogru tanisi, hastaligin etkili bir sekilde tedavi edilmesi ve yonetilmesi i¢in
onemlidir. Son yillarda derin dgrenme tekniklerinin ve bilgisayarli gorii algoritmalarinin otomatik cilt
kanseri tespit sistemleri gelistirmek i¢in kullanilmast konusunda biiytik bir ilgi bulunmaktadir. Bu teknikler
arasinda konvoliisyonel sinir aglari (CNN), cilt lezyonlarin1 tespit etme ve siniflandirmada dikkate deger
bir performans gostermistir. Bu makalede, Uluslararasi Cilt Goriintiileme Isbirligi (ISIC) veri seti
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kullanilarak cilt kanseri tespiti icin CNN ve derin 6grenme tekniklerinin kapsamli bir caligmasini
sunmaktayiz. Onerilen mimari, dzellestirilmis derin CNN kullanilarak egitilmis olan, benign ve malign cilt
lezyonu gériintiilerinin bir veri setini kullanmaktadir. Onerilen mimari, performans degerlendirmesi icin
84.8% dogruluk, 83.8% TPR, 83.7% TNR, 81.6% F1-skoru ve 80.5% hassaslik elde etmistir. Deneysel
sonuglar, cilt kanserinin dogru ve verimli bir sekilde tespiti i¢in umut verici sonuglar géstermektedir ve bu
yasami tehdit eden hastaligin teshis ve tedavisini iyilestirme potansiyeline sahiptir.

Anahtar Kelimeler: Cilt kanseri, Konvoliisyonel sinir ag1, Derin 6grenme, Isic veri sesti, Tensor Akisi

1. INTRODUCTION

Skin cancer is one of the most common types of
cancer globally, and its incidence rate is increasing
every year. Early skin cancer detection is crucial for
successful treatment and improved patient
outcomes [1,2]. Skin cancer happens when skin
cells grow abnormally. It starts as a small, dark spot
or bump and can spread if not treated in the early
stages [3]. The categorization of skin cancer is
based on its histopathological features, and it is
broadly classified into four types: basal cell
carcinoma (BCC), melanoma, actinic keratoses
(AK), and squamous cell carcinoma (SCC), as
documented in the literature [4-7]. The American
Cancer Society claims that there were 9.5 million
cancer-related deaths and 17 million new cancer
diagnoses recently [8].

Skin cancer can be diagnosed using a variety of
methods [9,10]. Visual inspection is the most
common method of skin cancer diagnosis. A
dermatologist or physician examines the skin using
a magnifying glass or a dermatoscope to look for
any abnormal growths, lesions, or moles. In
addition, biopsy and dermoscopy can be performed
during the visual inspection. However, traditional
skin cancer diagnostic methods are based on
dermatologists' visual inspection, which can be
time-consuming and prone to inter-observer
variability [11]. Molecular testing involves
analysing the DNA or RNA of skin cells to detect
genetic mutations associated with skin cancer.
Molecular testing can be used to identify high-risk
patients and guide treatment decisions. Computer-
assisted diagnosis involves the use of specialized
software that analyses digital images of skin lesions
to detect signs of cancer. This method can help
increase the accuracy of diagnosis and reduce the
need for unnecessary biopsies. Thus, recently,
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machine learning algorithms and computer vision
techniques have shown promising results in
automated skin cancer detection [12].

Convolutional Neural Networks (CNNs) are a type
of deep learning algorithm that has shown
remarkable performance in image classification
tasks [13]. CNNs are the most popular deep-
learning technology used in computer vision for
efficient medical diagnosis, particularly for skin
cancer [14]. CNN can learn to extract features
autonomously, making it a more effective approach
for medical diagnostics compared to typical
machine learning algorithms [15,16]. In addition, an
effective deep-learning model for skin cancer
diagnosis can increase the chances of survival by
99% [17].

CNNs can learn and identify complex patterns in
images, making them an ideal choice for skin cancer
detection. CNNs have been shown to be highly
effective in classifying skin lesions for the purpose
of skin cancer diagnosis [18]. These deep learning
algorithms are designed to recognize patterns in
images and can learn to differentiate between
different types of skin lesions based on their visual
features. A dataset of labelled images is needed to
train a CNN for skin lesion classification. This
dataset is typically divided into a training set, a
validation set, and a test set. The CNN is trained on
the training set, and the validation set is used to
monitor its performance and adjust its parameters.
The test set is then used to evaluate the final
performance of the CNN [19]. CNNs can be trained
to classify skin lesions into different categories,
such as benign and malignant, or to identify specific
types of skin cancer, such as melanoma or basal cell
carcinoma. The CNN learns to recognize patterns in
the images that are associated with each category
and can make predictions on new, unseen images
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based on these patterns. Several studies have shown
that CNNs can achieve high levels of accuracy in
skin lesion classification, often outperforming
human experts [20].

Thus, we propose a compact custom design CNN-
based approach for skin cancer detection using the
International Skin Imaging Collaboration (ISIC)
dataset in this paper. ISIC is one of the most widely
used datasets for skin cancer detection [21]. It is a
publicly available dataset that contains over 23,000
images of skin lesions, including benign and
malignant cases, along with their corresponding
labels. We trained and evaluated our model using
the TensorFlow deep learning framework.

The main contribution of this work is the
development of an accurate and efficient skin
cancer detection system that contains fewer
parameters, can yield a fast inference time, and can
be used in small devices such as smart phones that
can aid patients in making early decisions before
contacting dermatologists. This type of application
can be especially useful when people are stuck at
home.

The rest of the paper is organized as follows:
Section 2 provides a brief overview of related work
in the field of skin cancer detection using deep
learning. Section 3 describes the methodology used
in this work, including the dataset preparation,
model architecture, and training process. Section 4
presents the experimental results and a comparative
analysis with state-of-the-art methods. Finally,
Section 5 concludes the paper and discusses future
directions for research in this area.

2. RELATED WORK

Skin cancer recognition with the use of a
convolutional neural network has gained more
attention over the past years. Several studies have
been conducted in this area, including face
recognition [9], object detection [11], and image
classification [22] using CNN networks. From
literature studies on skin cancer recognition, a lot of
CNN pattern recognitions have been suggested.
Pre-processing and pro-processing phases are
typically combined in algorithms.
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The study in [6] introduces a novel deep transfer
learning model using MobileNetV2 to classify
melanoma. The ISIC 2020 dataset, with a severe
class imbalance, was used, and various data
augmentation techniques were applied. Results
show that the proposed model outperforms existing
methods in accuracy and computational efficiency,
offering promise for enhancing melanoma
diagnosis and patient outcomes. A deep spiking
neural network with the surrogate gradient descent
method to classify skin lesion images (3670
melanoma and 3323 non-melanoma) from the ISIC
2019 dataset is used in [19]. The proposed spiking
VGG-13 model outperforms VGG-13 and AlexNet
with fewer parameters. This highlights the potential
of spiking neural networks to improve skin cancer
diagnosis and reduce related deaths.

In [23], a deep learning-based methodology was
described in which the skin lesions were first pre-
processed using the decorrelation formulation
method and then further segmented using MASK-
RCNN. DenseNet was used to extract features from
the segmented image. The entropy-controlled least
squares-based SVM approach is then used to
identify the best features. The HAMI10000,
ISBI2016, and ISBI2017 datasets were used to
conduct the experiment. This dataset’s respective
accuracy percentages were 96.3%, 94.8%, and
88.5%.

In addition, a new deep learning-based system for
segmenting and categorising skin lesions was
proposed in [24]. The segmentation was carried out
using the mask recurrent neural network (MRNN).
In addition, the Pyramid Network function was
utilized using Resnet-50 for the feature extraction
process, while the SoftMax classifier was also
utilized for the lesion classification process [25].
Therefore, deep learning methods were assessed
using the HAMI10000 dataset, which had an
accuracy of 86.5%, to produce consistent
performance. In [26], the authors investigated how
image scaling affected the categorization of skin
lesions by a CNN network. The authors scaled the
images to six different sizes. Hence, three CNN
architectures, such as EfficientNetBO,
EfficientNetB1, and SeReNeXt-50, were used in
classifying the images. An ensemble-based
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technique for multiscale multi-CNN fusion (MSM
CNN) was proposed and evaluated. This approach
made use of three different CNN models. The
proposed approach was developed using a variety
of cropped image sizes. Using the ISIC2018 dataset,
the MSM CNN method produced an accuracy of
86.2%. They also discovered that cropping images
gave better results than enlarging them.

In addition, an integrated diagnostic framework that
comprises a step for segmenting the boundaries of
skin lesions and a stage for classifying numerous
skin lesions was proposed in [27]. First, the authors
used a deep learning full-resolution convolutional
network (FrCN) to separate the borders of the skin
lesions from all of the dermoscopy images. The
segmented skin lesions were then subjected to a
convolutional neural network classifier (ResNet-
50) for classification. The International Skin
Imaging Collaboration (ISIC) 2018 dataset, which
contains seven different types of skin lesions, was
used to assess the suggested deep-learning model
independently. The total weighted prediction
accuracy of the ResNet-50 model, which measures
its performance, is 89.28%. The effectiveness of
employing 17 frequently pre-trained CNN
architectures was investigated in [28] as feature
extractors. In addition, 24 machine learning
classifiers were employed to evaluate the
classification of skin lesions from the ISIC 2019
dataset and recommend DenseNet201+Fine KNN.
The authors then obtained the greatest accuracy
score for the ISIC 2019 dataset at 92.34% using a
DenseNet201 and Fine KNN combination.

However, the present research shows that there is
still a need for improvement in both the
classification and recognition of skin cancer,
despite the fact that much work has been suggested
in the automated recognition of skin cancer. By
using splitting methodologies as part of cancer
recognition research, this paper will focus on skin
cancer recognition using a deep convolutional
neural network.

3. MATERIALS AND METHODS

A dataset of labelled skin lesion images is needed to
train and test the proposed custom CNN model.
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Hence, the ISIC dataset is a commonly used dataset
for skin lesion classification and is also used in this

paper.

The skin lesion images are pre-processed before
they can be used for training. This may include
resizing, cropping, or normalising the images.
Therefore, a custom CNN architecture is designed
and implemented using a deep learning framework
such as TensorFlow. The architecture typically
consists of several layers of convolutional and
pooling layers, followed by one or more fully
connected layers. After that, the CNN is trained on
the labelled skin lesion images using a loss function
and an optimisation algorithm. The goal is to
minimise the loss function by adjusting the
parameters of the CNN. The performance of the
CNN is evaluated using a validation set of images
that are not used in training. The accuracy,
precision, recall, and Fl-score of the CNN are
typically calculated to assess its performance. Then,
the final performance of the CNN is evaluated using
a test set of images that are not used in training or
validation. The accuracy and other performance
metrics are calculated to assess CNN's ability to
classify new, unseen images.

3.1. Datasets

The ISIC has created a publicly available skin
disease dataset for the computer vision community
worldwide to help reduce skin cancer mortality and
support digital skin imaging. Kaggle is an
accessible solution for this ISIC dataset [21,29].
This dataset is made up of 3,297 skin cancer (both
malignant and benign) images. A malignant class
contains 1,497 images, in contrast benign class
contains slightly more images, that is 1,800.

3.2. Network Model Architecture

In this paper, a custom CNN framework is utilised
for the automatic recognition of skin cancer images.
The proposed architecture uses convoluted filters to
analyse various image input structures and retrieve
necessary information from the images. Figure 2
shows the proposed network architecture.
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Figure 1. Samples of skin-cancer images of both Benign and Malignant in the dataset
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Figure 2. Proposed CNN model

The input to the proposed network is images
measuring [224x224] by 3, where the length,
breadth, and channel size are represented by these
values. The proposed model has six convolutional
layers, each followed by batch normalisation and
ReLU activation. The model takes in an input image
of size [224x224x3] pixels, which is rescaled to a
range of (0,1). The first convolutional layer has 32
kernels of size 3, and the output dimensions are
[222x222x32]. The first max-pooling layer reduces
the output dimensions to [111x111x32] with a pool
size of 2. The subsequent convolutional layers have
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64, 128, 256, 512, and 1024 kernels of size 3,
respectively. The output dimensions for each layer
decrease with the use of max-pooling, resulting in
[109x109x64], [52x52x128], [24x24x256],
[10x10x512], [3x3x512], and [1x1x1024],
respectively. After the final convolutional layer, the
output is flattened, and a binary output layer with a
sigmoid activation function is connected for the
final classification.

The model's architecture enables it to capture
increasingly complex features in the input image as
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it progresses through the layers, allowing for the
accurate detection of skin cancer. The pool size for
the sixth max-pooling layer, which has dimensions
of [1x1x1024], is 2.

3.3. Convolutional Neural Network Training

The skin cancer recognition model architecture and
training environment involve a two-stage process:
the forward step of sending input data through the
network and the backpropagation process of
adjusting weights based on training data. The
weight adjustments are comprised of a forward
pass, loss function, backward pass, and weight
update. Various training choices, such as initial
learning rate, batch size, maximum epochs, and
training plot, are specified in the study.

An epoch is a complete pass over the training
dataset, and the maximum epoch is a user-defined
variable that controls the number of times the
algorithm loops over the data. The maximum epoch
value is determined by balancing model
performance and computing time. Hence, it is often
determined through testing. In addition, the learning
rate is a critical hyperparameter in deep learning
models trained using stochastic gradient descent.
Low learning rates lead to more reliable training but
slower optimisation, while excessively high rates
can cause weight fluctuations and divergence.
Depending on the historical gradient data,
RMSprop adjusts the learning rate for each weight
(model parameter). In order to do this, the learning
rate is divided by an exponentially decaying
average of the sum of squares, which helps
eliminate instabilities and speeds up integration
[30,31]. RMSprop has been utilised in a range of
applications, including language modelling, image
classification, and machine translation, and has
been proven to be particularly successful at training
DNNs on big and noisy datasets [32-34].
Furthermore, batch size refers to the number of
samples processed in one iteration during training,
allowing the use of stochastic gradient descent. This
hyperparameter affects both training time and
model performance by regulating the amount of
data used in each iteration. A larger batch size
speeds up training but requires more memory, while
a smaller batch size reduces memory usage but may
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require more iterations. Choosing the optimal batch
size requires balancing. Therefore, Table 1 provides
an overview of the CNN training parameters used
for the proposed model in the experiments.

Table 1. CNN model’s training parameters

Parameter Description/Value
Optimization algorithm | RMSprop

Batch size 32

Initial Learning Rate 0.0001

Maximum epoch 30

3.4. Performance Evaluation Metrics

ISIC dataset images of malignant and benign skin
cancers were used to train the proposed network.
The effectiveness of the proposed DCNN was
measured by performing a statistical analysis of
network prediction on the test dataset. The
statistical tests used in the confusion matrix
performance evaluation are accuracy (ACC), F1
score, true positive rate (TPR), true negative rate
(TNR), and precision (P). These assessment metrics
are described as follows: TP, TN, FP, and FN
represent the total number of true positives, true
negatives, false positives, and false negatives,
respectively, of the test datasets.

TP+TN

ACC = —— )
TP+TN+FP+FN
TPR = —% )
TP+FN
TNR = —~ 3)
TN+FP
TP
P = TP+FP )
F1=—2 (5)
2TP+FP+FN

4. EXPERIMENTAL RESULTS

In this section, we present the experimental results
obtained from our proposed CCN model on skin
cancer diagnosis using CNN and deep learning
methods using the ISIC dataset.
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Figure 1. Training and validation loss and accuracy
K-fold cross-validation was performed to determine
the performance of the custom-designed deep
network by using various numbers of convolutional
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layers. To do this, all images into the database
(3,297 images) were used for K-fold cross-
validation process. To perform K-fold cross-
validation, the training dataset was first randomised
and then split into 10 equal folds (that is, K=10),
where each fold contained the same number of
images from both classes (benign and malignant).
During training, K-1 folds were used to train a
model from scratch, and the model performance
was verified on the rested fold. This process was
repeated 10 times (because K=10) using each fold
as a test dataset. Statistical measurements (ACC, P,
TPR, TNR, and F1 score) were also stored after
each model was tested on the test fold.

Table 2 displays the performance of the compact
model on various layers of the CNN. The mean and
standard deviation of the related measures across 10
training sessions are represented by the values in the
table. In addition, Table 2 can be used to compare
how well our proposed compact model performs on
various convolutional layers and to choose the
number of layers that perform the best for the
classification. As a result, using four convolutional
layers performed the best, where the F1 score was
0.8326 which is the highest value.

Table 2.K-Fold cross-validation performances of the custom deep network model by using various

convolutional layers

TPR

TNR

F1

0.8276+0.0217

0.8099+0.0227

0.8055+0.0063

0.8882+0.0109

0.7827+0.0145

0.8267+0.0066

0.8742+0.0106

0.7769+0.0103

0.8163+0.0048

0.8996+0.0180

0.7818+0.0181

0.8326+0.0068

0.8769+0.0230

0.7846+0.0236

0.8216+0.0068

Layers ACC P

Layerl 0.8179+0.0061 0.7846+0.0158
Layer2 0.8307+0.0071 0.7732+0.0110
Layer3 0.8211+0.0046 0.7656+0.0072
Layer4 0.8354+0.0065 0.7749+0.0119
Layer5 0.8266+0.0069 0.7729+0.0144
Layer6 0.8483+0.0048 0.8057+0.0153

0.8503+0.0142

0.8266+0.0188

0.8274+0.0033

Table 3.Performance of the four-layered custom deep network when increasing or decreasing the training
dataset. The test ratio is kept fixed and always same test images are always used for the reliability

of the experimental result

Train | Validation | Test ratio F1-Score
40% | 30% | 30% 0.7897
50% | 20% | 30% 0.8012
60% | 10% | 30% 0.8160

C.U. Miih. Fak. Dergisi, 38(3), Eyliil 2023
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Table 4. Comparison between the Custom model and some existing studies. Unreported findings are

represented by the symbol "-"

Method Datasets Sample ACC (%) F1 (%) P (%) | TPR (%) | TNR (%) Param.
number (millions)
Mask-RNN[25] | HAM10000 10,015 86.5 86.28 87.01 85.57 - 63.7
MSM-CNN[26] | ISIC 2018 2912 86.2 - - - - 25.7
ResNet-50[27] ISIC 2018 11,720 89.28 81.28 - 81.00 87.16 23.54
DenseNet201 + | ISIC 2019 25,331 92.34 86.96 85.22 92.75 96.38 20.2
Fine KNN[28]
IGR0235 ISIC 2017 2000 83.0 - - - - 322.5
Model[32]
DCNN [33] ISB12016 4867 76.5 - - 89.5 96.3 62.3
VGG[34] ISIC 2016 1,279 - 72.3 76.0 - 138
Compact-DCNN |ISIC Archive 3,297 84.8 81.6 80,5 83.8 83.7 6.2
Model

After determining the number of convolutional
layers on the custom CNN, the four-layered CNN
was trained from scratch using all the images from
the database. In addition, the optimal splitting ratio
for the training process was determined; therefore,
we tested three different training-validation ratio
combinations. It is important to note that the test
images are always the same, which is determined by
using the test ratio, which is fixed at 30% of the
entire database. The remaining 70% of the images
were split into the following training-validation
ratio combinations: 40%-30%, 50%-20%, and
60%—10%. The experimental results showed that a
60%—10% training—validation ratio split yielded the
best result for this specific database. Table 3
presents the performance of the four-layer custom
CNN on the test images by splitting the training and
validation sets with different ratios. Generally, a
deep neural network requires more images, which
provides better generalization performance on
unseen input images. As a result, when 60% of the
images are used in the training process, the
performance of the network improves. It is also
important to keep some images in the validation set
to adjust the hyperparameters of any deep network
architecture to prevent overfitting and underfitting
problems.

The final trained model (using a train-validation-
test split ratio of 60%—10%—-30%) was verified on
the test dataset by reporting the final unbiased
performance of the proposed CNN. The results
show that the proposed compact model performs
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with a classification accuracy rate of 84.8%, a
precision of 80.5%, a TPR of 83.8%, a TNR of
83.7%, and an F1 score of 8§1.6% when recognising
skin cancer images. Figure 3 shows the training and
validation losses and accuracy during 30 epochs of
training. In comparison to other difficult methods
and deep learning systems, our suggested technique
performs better. The proposed compact network
and other relevant models mentioned in [25], [26],
[27], [28], [32], [33], and [34] were compared in
this paper in order to show the effectiveness of the
proposed model.

Research using the ISIC ARCHIVE database,
which is a database comparable to the one employed
in this paper, the skin cancer database, and other
self-acquired datasets were the subject of the
comparative evaluation. The proposed technique in
this paper has done remarkably well when
compared to other algorithms stated in Table 4,
which summarises the comparative research. This
data will also be used to calculate the required
number of convolutional layers of the custom
DCNN model. The accuracy of this study's findings
is compared to existing studies in Table 4. As
demonstrated, the performance and accuracy of our
proposed method are promising.

The methods are examined in Table 4 and evaluated
on different datasets. Each dataset represents a
different collection of images for skin lesion
classification. The number of samples varies across
the datasets, ranging from 1,279 to 25,331. Please
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note that this difference in sample size can influence
the model's performance and generalizability. The
accuracy metric indicates the overall correctness of
the classification models. As clearly seen from the
table the proposed model performs well with the
considered sample size. It is worth noting that not
all methods provide all the performance metrics.
Some methods lack certain metrics, such as F1-
Score, Precision, TPR, or TNR, making it difficult
to make direct comparisons in those cases.

In summary, the given data showcases different
methods for skin lesion classification, evaluated on
various datasets. The methods differ in terms of the
dataset used, the number of samples, and the
reported performance metrics. By comparing the
metrics, we can gain insights into the relative
performance of these methods in classifying skin
lesions.

5. CONCLUSION

In this study, we proposed a new compact model
using CNN in order to test its effectiveness in
classifying skin cancer. The recognition of skin
cancer is important because a good classification
method can save time when searching for and
diagnosing skin cancer in databases. The ISIC-
Archive database contains 3,297 images of both
benign and malignant skin, with dimensions of
[224x224] pixels. The dataset was first checked for
structural integrity and then normalized to improve
the performance of learning algorithms. It was then
split into three parts: a training set (60% of the
images), validation set (10%), and testing set (30%)
by determining the impact of the training set ratio
beforehand (see Table 3).

Our proposed model achieved a classification
accuracy rate of 84.8%, precision 80.5%, TPR
83.8%, TNR 83.7% and Fl-score 81.6%,
respectively compared to other studies. When a skin
image is provided, the pre-processing phase is
applied, and the trained CNN extracts features from
the image and classifies the label based on the filters
learned during training.

C. U. Miih. Fak. Dergisi, 38(3), Eyliil 2023

Alhaji Balla FOFANAH, Emre OZBILGE, Yénal KIRSAL

6. REFERENCES

1. Dorj, U., Lee, K., Choi, J., Lee, M., 2018. The
Skin Cancer Classification using Deep
Convolutional Neural Network, Multimedia.
Tools Appl. 77, 9909-9924.

2. Nagqvi, M., Syed, Q.G., Tehreem, S., Oge, M.,
Hee-Cheol, K., 2023. Skin Cancer Detection
Using Deep Learning-A Review. Diagnostics
13(11), 1911.

3. Zhang, N., Cai, Y.X., Wang, Y.Y., Tian, Y.T.,
Wang, X.L., Badami, B., 2020. Skin Cancer
Diagnosis Based on Optimized Convolutional
Neural Network. Artificial Intelligence in
Medicine, 102, 101756.

4. Arevalo, J., Cruz-Roa, A., Arias, V., Romero,
E., Gonzalez, F.A., 2015. An Unsupervised
Feature Learning Framework for Basal Cell
Carcinoma  Image  Analysis.  Artificial
Intelligence in Medicine, 64(2), 131-145.

5. Malibari, A.A., Alzahrani, J.S., Eltahir, M.M.,
Malik, V., Obayya, M., Al Duhayyim, M.,
Albuquerque, V.H.C., 2022. Optimal Deep
Neural  Network-Driven = Computer-Aided
Diagnosis Model for Skin Cancer. Computers
and Electrical Engineering, 103, 108318.

6. Rashid, J., Ishfaq, M., Ali, G., Saeed, M.R.,
Hussain, M., Alkhalifah, T., Samand, N., 2022.
Skin Cancer Disease Detection using Transfer
Learning Technique. Applied Sciences, 12(11),
5714.

7. Maniraj, S.P., Maran, P.S., 2022. A Hybrid
Deep Learning Approach for Skin Cancer
Diagnosis Using Subband Fusion of 3D
Wavelets. The Journal of Supercomputing,
78(10), 12394-12409.

8. Global Cancer Facts and Figures, American
Cancer Society, https://www.cancer.org/ resear

ch/cancer-facts-statistics/global.html,  Access
date: 15.12.2022.
9. Naik, P.P, 2021. Cutancous Malignant

Melanoma: A Review of Early Diagnosis and
Management. World Journal of Oncology,
12(1), 7.

10. Manne, R., Kantheti, S., Kantheti, S., 2020.
Classification of Skin Cancer Using Deep
Learning, Convolutional Neural Networks-
Opportunities and Vulnerabilities-A Systematic

795



Skin Cancer Recognition Using Compact Deep Convolutional Neural Network

Review. International Journal for Modern
Trends in Science and Technology, 6, 2455-
3778.

11.Holman, C.D.J., Armstrong, B.K., Evans, P.R.,
Lumsden, G.J., Dallimore, K.J., Meehan, C.J.,
Gibson, I.M., 1984. Relationship of Solar
Keratosis and History of Skin Cancer to
Objective Measures of Actinic Skin Damage.
British Journal of Dermatology, 110(2), 129-
138.

12.Kareem, O.S., Abdulazee, A.M., Zeebaree,
D.Q., 2021. Skin Lesions Classification using
Deep Learning Techniques. Asian Journal of
Research in Computer Science, 9(1), 1-22.

13.Saba, T., 2021. Computer Vision for
Microscopic Skin Cancer Diagnosis using
Handcrafted and Non-Handcrafted Features.
Microscopy Research and Technique, 84(6),
1272-1283.

14. Mridha, K., Uddin, M.M., Shin, J., Khadka, S.,
Mridha, M.F., 2023. An Interpretable Skin
Cancer  Classification using  Optimized
Convolutional Neural Network for A Smart
Healthcare System. IEEE Access.

15.Skin Cancer Facts and Statistics - The Skin
Cancer Foundation. https://www.skincancer.org
/skin-cancer-information/skin-cancer-facts/,
Access date: 15.01.2023.

16.Shah, A., Shah, M., Pandya, A., Sushra, R.,
Sushra, R., Mehta, M., Patel, K., 2023. A
Comprehensive Study on Skin Cancer Detection
Using Artificial Neural Network (ANN) and
Convolutional Neural Network (CNN). Clinical
Ehealth.

17.Cao, W., Feng, Z., Zhang, D., Huang, Y., 2020.
Facial Expression Recognition Via A CBAM
Embedded Network. Procedia Computer
Science, 174, 463-477.

18. Deshmukh, S., Rathod, A., Sonawane, H., Raut,
R., Devkar, A., 2023. Skin Cancer Classification
Using CNN. In 2023 International Conference
On Applied Intelligence and Sustainable
Computing (ICAISC), 1-5.

19. Qasim Gilani, S., Syed, T., Umair, M., Marques,
0.,2023. Skin Cancer Classification using Deep
Spiking Neural Network. Journal of Digital
Imaging, 1-11.

20.Yadav, S.S., Jadhav, S.M., 2019. Deep
Convolutional Neural Network-Based Medical

796

Image Classification for Disease Diagnosis.
Journal of Big Data, 6(1), 1-18.

21.Cassidy, B., Kendrick, C., Brodzicki, A.,
Jaworek-Korjakowska, J., Yap, M.H., 2022.
Analysis of the ISIC Image Datasets: Usage,
Benchmarks and Recommendations. Medical
Image Analysis, 75, 102305.

22. Yanagisawa, H., Yamashita, T., Watanabe, H.,
2018. A Study on Object Detection Method
from Manga Images using CNN. In 2018
International Workshop on Advanced Image
Technology, 1-4.

23.Kannojia, S.P., Jaiswal, G., 2018. Ensemble of
Hybrid CNN-ELM Model for Image
Classification. In 2018 5" International
Conference on Signal Processing and Integrated
Networks, 538-541.

24.Khan, M.A., Akram, T., Zhang, Y.D., Sharif,
M., 2021. Attributes-Based Skin Lesion
Detection and Recognition: A Mask RCNN and
Transfer Learning-Based Deep Learning
Framework. Pattern Recognition Letters, 143,
58-66.

25.Khan, M.A., Zhang, Y. D., Sharif, M., Akram,
T., 2021. Pixels to Classes: Intelligent Learning
Framework for Multiclass Skin Lesion
Localization and Classification. Computers and
Electrical Engineering, 90, 106956

26. Mahbod, A., Schaefer, G., Wang, C., Dorffner,
G., Ecker, R., Ellinger, 1., 2020. Transfer
Learning using A Multi-Scale and Multi-
Network  Ensemble for Skin  Lesion
Classification. ~ Computer Methods and
Programs in Biomedicine, 193, 105475.

27. Al-Masni, M.A., Kim, D.H., Kim, T.S., 2020.
Multiple Skin Lesions Diagnostics Via
Integrated Deep Convolutional Networks for
Segmentation and Classification. Computer
Methods and Programs in Biomedicine, 190,
105351.

28.Benyahia, S., Meftah, B., Lézoray, O., 2022.
Multi-Features Extraction Based on Deep
Learning for Skin Lesion Classification. Tissue
and Cell, 74, 101701.

29. Codella, N.C., Gutman, D., Celebi, M.E., Helba,
B., Marchetti, M.A., Dusza, S.W., Halpern, A.,
2018. Skin Lesion Analysis Toward Melanoma
Detection: A Challenge at the 2017 International
Symposium on Biomedical Imaging, Hosted by

C. U. Miih. Fak. Dergisi, 38(3), Eyliil 2023



30.

31.

32.

33.

34.

the International Skin Imaging Collaboration. in
2018 IEEE 15th International Symposium on
Biomedical Imaging, 168-172.

Graves, A., Generating Sequences with
Recurrent Neural Networks, 1-43, 2013.
Hinton, G.E., Srivastava, N., Krizhevsky, A.,
Sutskever, 1., Salakhutdinov, R.R., 2012.
Improving Neural Networks by Preventing Co-
Adaptation of Feature Detectors. Arxiv Preprint
Arxiv, 1207.0580.

Serte, S., Demirel, H., 2019. Gabor Wavelet-
Based Deep Learning for Skin Lesion
Classification. Computers in Biology and
Medicine, 113, 103423.

Yu, Z., Ni, D., Chen, S., Qin, J., Li, S., Wang,
T., Lei, B. 2017. Hybrid Dermoscopy Image
Classification Framework Based On Deep
Convolutional Neural Network and Fisher
Vector. in 2017 IEEE 14% International
Symposium on Biomedical Imaging, 301-304.
Burdick, J., Marques, O., Weinthal, J., Furht, B.,
2018. Rethinking Skin Lesion Segmentation in
A Convolutional Classifier. Journal of Digital
Imaging, 31, 435-440.

C. U. Miih. Fak. Dergisi, 38(3), Eyliil 2023

Alhaji Balla FOFANAH, Emre OZBILGE, Yénal KIRSAL

797



798 C.U. Miih. Fak. Dergisi, 38(3), Evliil 2023



	3. MATERIALS AND METHODS
	4. EXPERIMENTAL RESULTS
	6. REFERENCES

