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Abstract—Malignant melanoma is the most dangerous and 
lethal skin cancer type. In time and early diagnosis increases the 
possibility of successful treatment. Studies done in recent years 
show that skin cancer diagnosis can be done by using computer 
aided diagnosis systems.  In this study, a classification using a 
dataset with two classes which are malign and benign melanom is 
realized. Nasnet deep learning architecture is used for the 
classification. Two different experiments are done in this study. 
While first experiment classifies dataset directly by using Nasnet 
architecture, second experiment does classification by first 
creating 8 images from train and validation part of dataset and 
starting training by using this new dataset. While an accuracy rate 
of 82.94% is get without cutting operation, an accuracy rate of 
86.49% is get with cutting operation. A better classification 
performance is reached with cutting operation. 
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I.  INTRODUCTION  
Skin cancer is one of the most dangerous cancer types and 

seen in white population mostly [1]. Cancer occurs when 
irregular cells come together [2]. Malignant melanoma is a 
cancer type which is the most lethal in all the skin cancer types 
in the world [3].  While malignant melanoma can be cured by 
early diagnosis, late diagnosis increases the possibility of death 
[4]. While, because of morphologic structures of some 
melanoms with high risk, can be determined by an expert doctor 
mostly, diagnosis of thin or non-pigmented melanoms can be 
possible with some imaging techniques [4]. The most widely 
used of these techniques is dermoscopy. Dermoscopy is an 
optique device requiring some experience. An experienced 
dermatologist’s diagnosis with a dermoscopy device increases 
the accurate diagnosis rate by 50 % compared to the diagnosis 
done with visual analysis, which means a better diagnosis is 
reached [5]. Moreover, diagnosis accuracy differs according to 
the experiences of some dermatologists [6]. Computer aided 
diagnosis systems used in a number of areas like health is tried 
to classify skin lesions for many years. Computer aided 
diagnosis systems can be used as a helper device for the 
dermatologists with less experience for diagnosis and it can 
decrease the time required for diagnosis. In recent years, 
researchers study on diagnosis of melanoma and classification  

of it with some methods like computer vision, machine learning, 
and deep learning. 

 Guo et al. Uses multi-channel ResNet model to classify ISIC 
2017 challenge dataset. When the model is tested directly an 
average AUC value of  (7.1% is reached. But an average AUC 
value of 87.4% is reached when lesion determination model is 
used [7].  Again, Yang et al. uses a CNN with three different 
sections and ISIC 2017 challenge dataset for segmentation and 
classification and an AUC value of 88.6% is reached [8]. 
Burdick et al. uses a part of ISIC 2016 challenge dataset and 
Inception V3 model to classify malignant melanoma and benign 
melanoma. An image pre-processing on train and test images are 
used by applying disc morphologic operation over the region 
having skin lesion. While an accuracy value of 57.3% is reached 
with Inception v3 before applying this operation, an accuracy 
value of 69.3% is reached after the application of image pre-
processing. As a result, a better result is reached with image pre-
processing operation [9]. Ylmaz, F. et  al. use histogram 
oriented gradient on 2000 train image for binary classification 
and they obtain 81 feature from every image and after the 
classification, an accuracy value of 78% is reached by using 
Linear Discriminant Analysis and k-Nearest Neighbor 
algorithms[10].  Pathen et. al. take clays from dermascopic 
images and removes typical and atypical pigments. After that, 
they obtain color, tissue, and geometric features and classify the 
images by using SVM and ANN methods. As a result, with an 
accuracy rate of 96.7%, ANN has better performance compared 
to SVM [11]. Sumithra et al., remove the unwanted regions from 
skin images and apply filtering to remove noise. After that, 
image magnification is used on the extracted regions which are 
obtained after the application of image partitioning to remove 
the related lesion part on image. After these image processing 
techniques, three different classification tasks are done by using 
k-NN and SVM methods seperately and combination of these 
two techniques. As a result of this classification, the best 
accuracy value of 61% is acquired by the usage of combinations 
of SVM and k-NN methods. 

In this study, Nasnet deep learning algorithm is used for 
binary classification by using a dataset containing malignant and 
benign melanomas. Learning and test performances of Nasnet 
architecture with cutting operation are determined with two 
different experiments by applying cutting and not applying 
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cutting operations to the images on dataset’s train and validation 
parts.  

II. MATERIAL AND METHOD 

A. Methodology 
In this study, Nasnet [12] mobile neural network architecture 

is used to classify our original and cropped datasets. Nasnet is a 
scalable CNN architecture (constructed by neural architecture 
search) that consists of basic building blocks (cells) that are 
optimized using reinforcement learning. The needed network 
capacity determines how many times a cell will be repeated. 
Nasnet mobile contains 12 cells having 5.3 million parameters 
and 564 million multiply-accumulates (MACs). The input of 
Nasnet mobile is an RGB image having a width and height value 
of 224.  

In our study, after reading of an image from original dataset, 
some random cropping operations are done on it. The operations 
done on an image consist of four stages in total. In the first stage, 
the image is flipped vertically, and two different images are 
formed by cropping these two images randomly. In the second 
stage, the image is flipped horizontally, and two different images 
are formed by cropping these two images randomly.  In the third 
stage, the image is flipped horizontally and vertically at the same 

time, and two different images are formed by cropping these two 
images randomly. In the last stage, the image is taken without 
any flipping, and two different images are formed by cropping 
these two images randomly. After all the applied stages, since 
we create eight images from every image in our original dataset, 
train and validation image numbers of our dataset is multiplied 
by eight to obtain the number of train and validation images in 
cropped dataset. As a result, we have a cropped image dataset 
having 8800 training images, 800 validation images and 592 test 
images. Cropping operations are not applied to test part of our 
original dataset.  

B. Dataset Description 
ISIC Archieve is used to create the dataset that is used for the 
classification task in this study [13]. This dataset contains only 
RGB images having a width and height of 224 pixels. Dataset 
contains images having two distinct classes which are benign 
skin moles and malignant skin moles. Training part of dataset 
has 2200 images in total. 1100 of these images in benign class 
and the other 1100 images are in malignant class. In the test 
stage of classification task, 296 benign images and 296 
malignant images are used. And lastly 200 images, 100 of 
which is in benign class and 100 of which is in malignant class, 
is used as the validation set. 

 

a) Training with original dataset b) Training with cropped dataset

Figure 1. Accuracy and loss graphs 

  

a) Training with original dataset b) Training with cropped dataset

Figure 2. Confusion matrix
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III. EXPERIMENTAL RESULTS 
In this study, original dataset and our cropped dataset are 

used to train two Nasnet mobile networks in 30 epochs. Our aim 
in this study is to show when the images in training and 
validation part of datasets are augmented by flipping and 
cropping operations, the classification performance increases 
owing to better learned dataset images. This cropping and 
flipping operations also protect the network from memorizing of 
images in dataset. So these operations protect the network from 
overfitting problem seen commonly in classification tasks.  

Our first classification of skin cancer images is done by using 
original dataset. Table.1 gives the classification results. 
According to this table, a sensitivity value of 95.6%, and a 
specificity value of 70.27% is obtained. This result shows us that 
283 out of 296 pictures are correctly estimated in benign class 
and 208 out of 296 malignant pictures are correctly estimated in 
malignant class. So the resultant classification accuracy is 
82.94%. It can be seen that although benign classification 
accuracy is good, malignant prediction accuracy is low in the 
model trained by original dataset. 

Our second classification of skin cancer images is done by 
using cropped dataset. Table 1. gives the classification results. 
According to this table, a sensitivity value of 91.21%, and a 
specificity value of 81.75% is obtained. This result shows us that 
270 out of 296 pictures are correctly estimated in benign class 
and 242 out of 296 malignant pictures are correctly estimated in 
malignant class. It can be seen that by the classification done by 
using cropped dataset, although the benign score has a little 
decrease, malignant score has a big increase. So the resultant 
classification score increases to 86.49% in this case. 

As a result of two trainings done in this study, acquired 
accuracy/loss graphics are given in Figure 1. Firstly, Figure 1(a) 
shows the accuracy/loss graphics of model trained by using 
original dataset. When this figure is examined, while train loss 
decreases continually, validation loss decreases after some ups 
and downs. In the same figure, train accuracy increases 
continually until epoch 15 and after this point it is nearly 
constant. Validation accuracy is seen to increase after some ups 
and downs. Secondly, figure 1(b) shows the accuracy/loss 
graphics of model trained by using cropped dataset. In this 
figure, train loss decreases continually and validation loss also 
decreases with some ups and downs. It can be seen that train 
accuracy increases continually until epoch 15 and it is nearly 
constant after this point. It is also very clear that validation 
accuracy increases with some ups and downs continually.  

Figure 2 given above suggests the confusion matrixes 
obtained after the tests of our two models on test part of our 
original dataset. In these figures 0 represents benign class and 1 
represents malignant class. As indicated in figures, horizantal 
axis shows predicted labels and vertical axis shows actual labels. 
Figure 2(a) is the confusion matrix which is obtained after 
testing of the model trained on original dataset. Figure 2(b) is the 
confusion matrix which is obtained after testing of the model 
trained on cropped dataset. The numbers inside the boxes 
represent how many of the images in datasets are correctly 
estimated or wrongly estimated. 

 

TABLE I.  CLASSIFICATION RESULTS 

Method 
Classification 

Sensitivity Specificity F1 Score 

Nasnet 95.61% 70.27% 82.94% 
Nasnet with image 
preprocessing 91.21% 81.75% 86.49% 

 

IV. CONCLUSION 
 In this study, it is aimed to create a model with better learned 

image features to classify the unseen test data more accurately. 
According to two classification tasks realized by using normal 
and cropped datasets, it is seen that with saving the network from 
overfitting and augmenting the dataset images, image features 
are learned better and so better classification score on unseen test 
images is obtained. 
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