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Abstract. Skin diseases can be clearly seen by yourself or others. Although this disease is
clearly visible on the skin, sometimes we are very worried, for example if this skin disease is
not a mild disease. So there are some people if you experience skin diseases directly and will
quickly go to a dermatologist, both to check complaints and symptoms experienced. This skin
is very protective of the body especially from the sun, so that if something unexpected happens
it can result in death. One example of a deadly skin disease is skin cancer or cancerous tumor.
In this study the classification of skin cancer will be Banign and Malignant with CNN
algorithm. Where the dataset used was 3297 skin cancer images taken from the Kaggle
website. We use 2 different CNN architectures. The first architecture has 6,427,745
parameters, and the second is 2,797,665. With these two architectures, the accuracy values
range from 70-90%, the first model has an accuracy value of 93%, and the second model has
74%. We did training for many times, each time we did 10 epoches of repetition, and every
epoch of 100-200 iterations.

1. Introduction

0T (Internet of Things) technology has helped create an effective health system [1]. So that doctors
can provide services anywhere without reducing the diagnosis results significantly [1]. Deep learning
is a neural network model that can help in doing good computing [1]. The Convolution Neural
Network (CNN) method is used to detect four types of computer vision-based skin diseases [2]. The
layers used are the convolution layer, activation screen, pooling screen, fully connected screen, and
softmax classification [2]. CNN is also used to diagnose breast cancer. Where the experimental results
show that CNN can be used for classification of breast cancer with an accuracy of 91.3% [3].

Related to CNN, several studies that carry out diagnoses in the health sector have used computers. So
that the CNN algorithm can be used as an alternative in diagnosing without reducing the role of the
doctor himself. For example, research in diagnosing cervical cancer using CNN [4]. The computer-
based system results in diagnosing cervical cancer into 7 types and its accuracy is 91.2% to 99.5% [4].
Skin cancer is a dangerous type of skin disease but can be cured if detected early [5]. Artificial
intelligence is able to classify skin cancers whose accuracy resembles a dermatologist's diagnosis [5].
The algorithm used to classify skin cancer is CNN. The CNN technique proved significant in
classifying dermoscopis melanoma with a sensitivity value of 95% [5].

In the world of leather industry, the process of identifying skin types is very important in order to be
able to control the quality of the products produced. Examination of product results so that it can be
known according to the suitability of skin types manually will be subject to errors due to human error.
So we need a computer vision system in order to be able to classify leather sheets based on product
quality. Several algorithms were tested to classify skin sheets starting from the extraction of texture
and classification features, one of them with multilayer neural networks [6].
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With some previous research, we will classify skin cancer using the web-based CNN algorithm. The
purpose of this study will be to classify Banign and Malignant skin cancers with neural networks. In
order to make early detection of skin cancer, and can reduce the death rate.

2. Literature Review
There are types of leather sheets studied in the industrial world such as Figure 1.
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Figure 1. (a) Types of Raw Hides and (b) Wet Blue Leather [6]

Where the input images such as Figure 2 are classified using multilayer neural network algorithms
such as Figures 2 and 3.
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Figure 2. Khwaja Research Steps [6]

In Javeria Amin's research, using the architecture of Alexnet and VGG-16 as a pretrain [7]. Where the
image of a diseased skin is carried out training with the architecture of Alexnet and VGG-16 so that it
can be classified into Banign and Malignant (see Figure 4) [7]. Melanoma type skin cancer is a very
fatal cancer [7]. To extract features from skin images using PCA, and wavelet transforms [7]. The
algorithm that has recently provided good and reliable accuracy is CNN. Convolution nerve tissue
(CNN) is very good at classifying skin lesions and analyzing images [8]. Diagnosis using a computer
with the CNN algorithm can help in the doctor's performance. The framework of the diagnosis of
computer-based skin lesions combines the image of segmented skin lesions and classifies skin lesions
into multi-grade [8]. Classification with convolution neural networks (CNN) there is an acceleration of
learning (transfer learning), where this process uses a network architecture that is already available.
The transfer learning architecture uses the pretension Inception-v3, resNet-50, Inception-ResNet-v2,
and DenseNet-201 [9]. Classification of skin lesions is a process caused by limitations in the
characteristics of dermoscopic images during the process of capture or sampling. Skin lesions have
several types, including malignant cancers such as melanoma, benign cancers such as nevi, BCC, and
SCC [10].

Convolution nerve tissue can be used as a classification of skin lesions in the dermatological field
[11]. Analyzing the image and the process of segmenting and extracting features of skin lesions must
be examined carefully. CNN using the architecture of rapid learning (transfer learning) is used to
classify skin lesions [11]. CNN is an efficient and accurate method for the analysis of skin disorders
[12]. And dermatologists need an effective system to facilitate diagnosis with reliable abilities [12].
Early detection of skin cancer is very important and can prevent death, and several types of skin
cancer, carcinoma and melanoma [13]. A reliable automatic melanoma screening system (early
detection) is a system that can diagnose using a computer-based algorithm. The CNN algorithm can be



used as a screening and detecting malignant skin lesions early [14]. And the CNN process must
require a dataset of images along with the type of skin lesions as machine learning. And the types of
skin lesions studied by Balazs, including melanoma, nevus, and seborrheic [14]. Segmentation of skin
lesions is an important process in dermoscopic image using a computer [15]. Many segmentation
methods take the features of skin lesions, one of which is by convolution nerve tissue. The CNN
network architecture that is often used for segmentation is (FCN-8s and U-Net) [15]. Computerized
convolution nerve tissue (CNN) can distinguish melanoma and nevi based on dermoscopic images
[16-17]. A total of 11,444 dermoscopic images were used as CNN training datasets. And the results
CNN can be used as a tool for skin doctrines in classifying skin lesions in dermoscopic images [17].
Skin cancer is one type of cancer that is often experienced by whites [18]. A good algorithmic
approach for the classification or diagnosis of skin lesions is CNN pretrain [18]. Automatic diagnosis
system for early detection of skin cancer has a very good effect [18-19]. It is proven that the process of
treating patients that are detected early can be treated quickly. So in order to be able to make a
computerized diagnostic system based on dermoscopic imagery, it must perform several complete
stages. The first stage is segmenting the skin lesions and taking dermascopic features. These features
are used as a reference for learning convolution neural networks [19].
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Figure 3. Steps in Training and Testing Neural Network Algorithms [6]
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Figure 4. Classification of Skin Cancer Process [7]



Management decision Binary classification

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

Raters level |

All (N = 96) B9.0% B0.7% B4.0% 83.8% 77.6% 80.1%"

Beginner (n = 17) 85.7% 76.1% 79.9%" 80.0% 67.7% 72.6%"

Skilled (n = 29) 89.7% 79.1% 83.3% 84.3% 75.9% 79.3%"

Expert (n = 40) 91.1% B4.1% 86.9%" B6.2% 82.9% 84.2%
Raters level 1l

All (N = 96) 94.1% 80.4% 85.9%" 90.6% 82.4% 85.7%"

Beginner (n = 17) 92.9% T4.7% 82.0% 89.0% 76.0% B81.2%

Skilled (n = 29) 94.7% 79.2% 85.4% 90.9% 81.2% 85.1%

Expert (n = 40} 94.8% B84.4% B88.5%" 91.8% 86.6% 88.7%"
CNN 95.0% 76.7% B4.0% 95.0% 76.7% B84.0%

Figure 5. Classification of Skin Lesions Results [8]

Melanoma is a type of deadly skin cancer [14] [20]. So we need a computer-based system that has a
good learning algorithm. Image-based skin cancer detection consists of processes of image
improvement, segmentation, extraction of interesting features from images and classification of skin
lesions [20]. One good learning algorithm is the convolution neural network (CNN). CNN can be used
to identify malignant tumors on the skin surface with a sensitivity value of 93.3% [20].

3. Research Methods

This study classifies Banign and melanoma skin cancers as shown in Figure 6. Where 3297 images
were downloaded from the Kaggle dataset, with divisions such as Table 1. And the sample dataset
used was as Table 2, with 224x224 input image size with color image type.
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Figure 6. Classification of Skin Cancer with CNN
Table 1. Dataset of Skin Cancer Image
Dataset Train Test Summary
Banign 1440 360 1800
Malignant 1197 300 1497
Summary 2637 660 35297
Table 2. Sample Dataset
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4. Results and Discussion

We classified skin cancer into 2 classes, Banign and Malignant [7]. We did the classification using 2
CNN architectural models. The first CNN architectural model has a parameter value of 6,427,745,
with an architecture such as Figure 7. There are 2 times 2D convolution screens, 2 times pooling
screens (using max pooling), and Sigmoid activation functions. 2D convolution is to multiply the input
image with the kernel or filter. The multiplication process of each pixel image will be multiplied by a
filter, see the illustration of the multiplication or the convolution process in Figure 8. Where the goal
of 2D convolution is to take the maximum features. Next, the pooling screen is a screen to determine
the value of the best features (see Figure 9).

Layer (type) Output Shape Param #
convad 4 (Cov2d)  (Nome, 224, 228, 16) 448
max_pooling2d_1 (MaxPooling2 (None, 112, 112, 16) 2

conv2d_2 (Conv2D) (None, 112, 112, 32) 4640
max_pooling2d_2 (MaxPooling2 (None, 56, 56, 32) e
flatten_1 (Flatten) (None, 100352) e

dense_1 (Dense) (None, 64) 6422592
dense_2 (Dense) (None, 1) 65

Total params: 6,427,745
Trainable params: 6,427,745
Non-trainable params: @

Figure 7. First CNN Architecture
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Figure 8. Convolution Screen Illustration (a), (b) Output Feature Image Size Same as Input Image (c)
Output Feature Image Size Is Smaller

The pooling screen takes the best features by means of the maximum value of each image size or the
average value of the image size (Figure 9). And the last screen is a screen to classify types of cancer
(Banign and Malignant) using the Sigmoid function (Equation 1).
1
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The first CNN architecture training process was carried out many times, with as many as 10 epochs
and each epoch consisting of 200 iterations (Figure 10). With accuracy values ranging from 85-95%
(Figure 11).
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Figure 9. Pooling Screen Illustration
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Figure 10. The First CNN Architecture Training Process
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Next we made a second CNN architecture with a smaller number of parameters 2,797,665 (which
consisted of a screen like Figure 12). And the training process is carried out many times with as many
as 10 epochs, and each epoch consists of (100-200 iterations) (Figure 13). The accuracy of the second
model shows a lower value, although iterates more, because the number of parameters is lower (Figure

14)
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Figure 11. First CNN Architecture Test Results



Layer (type) Output Shape Param #

conv2d_1 (Conv2D) (None, 222, 222, 32) 896
activation_1 (Activation) (None, 222, 222, 32) a
max_pooling2d_1 (MaxPooling2 (None, 111, 111, 32) <]
conv2d_2 (Conv2D) (None, 109, 109, 32) 9248
activation_2 (Activation) (None, 19, 109, 32) [}
max_pooling2d_2 (MaxPooling2 (None, 54, 54, 32) -]
conv2d_3 (Conv2D) (None, 52, 52, 64) 18496
activation_3 (Activation) (None, 52, 52, 64) <]
max_pooling2d_3 (MaxPooling2 (None, 26, 26, 64) 2]
flatten_1 (Flatten) (None, 43264) 2]
dense_1 (Dense) (None, 64) 2763960

Figure 12. Second CNN Architecture

Found 2637 images belonging to 2 classes.
Found 66@ images belonging to 2 classes.

Epoch 1/10
200/200 [ ] - 177s 883ms/step - loss: ©.7196 - acc: ©.5764 - val_loss: ©.9156 - val_acc: ©.6530
Epoch 2/10
2e0/200 [ ] - 174s 871ms/step - loss: ©.5992 - acc: @.7151 - val_loss: ©.5599 - val_acc: ©.7455
Epoch 3/10
200/200 [ ] - 174s 87@ms/step - loss: ©.5791 - acc: @.7375 - val_loss: ©.4542 - val_acc: 0.775@
Epoch 4/10
200/200 [ ] - 178s 89@ms/step - loss: ©.5354 - acc: ©.7481 - val_loss: ©.5458 - val_acc: 0.7865
Epoch 5/1@
200/200 [ ] - 173s 865ms/step - loss: ©.543@ - acc: ©.7717 - val_loss: ©.4222 - val_acc: 0.7820
Epoch 6/1@
200/200 [ ] - 173s 865ms/step - loss: ©.5372 - acc: @.7601 - val_loss: ©.3090 - val_acc: ©.7980
Epoch 7/1@
200/200 [ ] - 178s 888ms/step - loss: ©.5604 - acc: ©.7535 - val_loss: ©.4849 - val_acc: 0.7770
Epoch 8/10
200/200 [ ] - 172s 861ims/step - loss: ©.5115 - acc: ©.7561 - val_loss: ©.1936 - val_acc: 0.8115
Epoch 9/10
200/200 [ ] - 173s 865ms/step - loss: ©.5625 - acc: ©.7742 - val_loss: ©.7115 - val_acc: ©.7900
Epoch 10/10
2e0/200 [ ] - 173s 864ms/step - loss: ©.559@ - acc: ©.7810 - val_loss: ©.235@ - val_acc: ©.7945

Figure 13. Second CNN Training Process
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Figure 14. Second CNN Test Results (a) 100 Iteration (b) 200 Iteration

Furthermore, the results of the training model are stored in the form (h5) in the form of a weight vector
model and network architecture. The model (h5) is used for web-based classification testing. And the
web makes it easy for users to conduct skin cancer classification tests (Banign and Manignant) see
Figure 15.
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5. Conclusion
The trial results showed that the parameters that were 6,427,745 were able to classify skin cancer with
the highest accuracy of 93%. The parameters of 2,797,665 are able to classify skin cancer with the
highest accuracy of 73%. The number of parameters determines the results of the classification
accuracy (Banign and Malignant). The number of parameters is determined architectural arrangement
(CNN layers).
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