Journal of ISSN: 2305-6720

Volume 8, Issue 3, 2021

Artificial Intelligence Research & Advances ot oasuses

STM JOURNALS
http://computers.stmjournals.com/index.php?journal=JoAIRA&page=index

DeMe-Net Model to Diagnose Skin Cancer Disease from
Skin Lesion

Aakriti Yadav'', Preeti Rai®

Abstract

Skin cancer is a quite common disease in the world and Melanoma is one of the serious types of skin
cancer. It begins in melanocyte cells. Skin irritation or tanning due to UV radiation triggers changes
in melanocytes, leading to uncontrolled growth of cells. It can potentially develop and spread if it is
not treated early. The biopsy is a traditionally used method to diagnose skin cancer in which a sample
of the skin lesion is sent to a laboratory for testing. This methodology of diagnosis is troublesome,
tedious, and time-consuming. Deep Learning, a branch of artificial intelligence (Al) is one of the most
promising researches and innovation areas in the field of medical imaging. In this research, we
propose a DeMe-Net model to diagnose skin cancer with deep learning techniques. The overall
accuracy of the model is 98.33% on the testing data and 99.85% on the training dataset.

Keywords: DeMe-Net, Deep Learning, skin cancer, Convolutional Neural Network, Image
Processing

INTRODUCTION

Melanoma cancer is the fifth most common cancer in both men and women. The rate of
development of melanoma cancer in people depends on age. But it is also seen that younger people
(under the age of 30) also suffer from melanoma. In the survey for the year 2020, people aged 15 to
29 years were estimated to constitute about 2,400 cases of melanoma to be diagnosed [1]. With early
detection, the most lethal form of melanoma has a 5-year survival rate of up to 99%, but a late
diagnosis reduces the survival rate to 23% [2].

The traditional method to detect skin cancer is a biopsy. There are also visual inspection-based
methods to diagnose skin cancer that can be detected by a dermatologist of skin lesions, like
Dermoscopy and Computed Tomography Scan [3]. Dermoscopy is based on imaging technology for
the examination of the skin using skin surface microscopy, it eliminates skin surface reflection. There
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different diseases including Actinic keratosis/Bowen’s disease, Basal cell carcinoma, Benign
keratosis, Dermatofibroma, Melanocytic nevus, Vascular lesion, Melanoma. The dataset is highly
biased based on the number of images of skin lesions in the different classes. We have used
preprocessing techniques to make it usable for this research.

In this research, we provide a method to automatically diagnose melanoma cancer along with six
other types of skin disease. We used deep learning algorithms and the concept of convolution neural
networks and created a DeMe network with parallel convolutional layers. The network takes the
images of skin lesions as input and provides predictions of seven diseases as output. DeMe Network
provides state-of-the-art performance on the dermoscopic skin disease image dataset.

LITERATURE REVIEW

A. Polat and Koc proposed two different methods, CNN and one-versus-all (OVA) approach and on
the HAMZ10000 dataset and achieved an accuracy of 92.90% [5].

B. Pham et al. proposed a hybrid method for class imbalance handling and the EfficNetB4 model
classification [6]. They used 24,530 dermoscopic images for training and achieved an accuracy of
89.97%.

C. Mahajan et al. proposed the method Meta-Derm Diagnosis utilizing a meta-learning-based few-
shot learning technique [7]. They evaluated the model on ISIC 2018, SD-198 datasets, and
Derm7pt datasets. The model obtained an accuracy of 83.70%.

D. Majtner et al. proposed the methodology based on deep learning in their research [8]. They used
VGG16 and GooglLeNet architectures and used the transfer learning technique for training the
models. They evaluated their model on ISIC 2018 Skin Lesion dataset and obtain an accuracy of
80.1% for VGG16, 79.70% for GoogLeNe, and 81.50% for their ensemble.

E. Gessert et al. proposed the solution based on pre-trained ResNeXt, SENet and Densenet deep
learning architectures [9]. The final ensemble contained 54 models and achieved 5-fold accuracy
of 85.10%.

METHODOLOGY
Dataset

Deep Learning techniques required a large amount of data for training to obtain higher accuracy. In
this research, we accumulated 10015 dermoscopic images of skin lesions of seven different. This data
set is contributed by the ISIC, also known as International Skin Imaging Collaboration [2]. The ISIC
dataset is the largest collection of publicly available dermoscopic images of skin lesions. Some
images of skin lesions are shown in Figure 1. In this research, we have used skin lesions images of a
size of 28x28 pixels with RGB format to train the model [10]. The number of images of different
classes we accumulated is shown in Table 1.

Data Pre-processing
In order to train deep learning models well, we need to pre-process and clean the data. The
flowchart of data pre-processing is shown in Figure 2.
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Figure 1. Skin leasion image dataset.
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Table 1. Dataset.

S.N. |[Classes No. of Images
1 |Actinic keratosis/Bowen’s disease (akiec) 327
2 |Basal cell carcinoma (bcc) 514
3 |Benign keratosis (bkl) 1099
4 |Dermatofibroma (df) 115
5 |Melanocytic nevus (nv) 6705
6 |Vascular lesion (vasc) 142
7 [Melanoma (mel) 1113

Data Sampling

Data Data
Partitioning Normalization

Data Augmentation

Figure 2. Flowchart of data preprocessing techniques.

Data Sampling

According to Table 1, we observed that the distribution of images of different classes is unequal,
which causes a class imbalance problem. There are two techniques, undersampling and oversampling
used to handle the class imbalance. In this study, we needed a large amount of data, for which it is
appropriate to use oversampling. Figure 3 shows the dataset distribution with class imbalance problem
and the dataset distribution after oversampling is shown in Figure 4.
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Figure 3. Dataset distribution with class imbalance problem.
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Figure 4. Dataset Distribution after Oversampling.

Data Normalization
Deep learning algorithms try to find patterns in the data by comparing the features of the data
points. A problem occurred when features are at very different scales. In order to overcome this, we
normalized the data with Z-Score Normalization. It is a strategy of normalizing data that avoids this
outlier issue. The formula of Z-Score Normalization is shown in Eq. (1); where, u and o denote the
mean and standard deviations respectively.
z==+ (1)

ag

Data Partitioning

Data partitioning is a process of splitting data into train and test sets usually for cross-validation
purposes. It helps to evaluate the performance of deep learning algorithms. In this research, we split
the data into three parts, train, validate and test the set in the ratio 6:2:2. The train set is used for
training the DeMe net model, the validation set is used for the evaluation of the model during training
and hyperparameter tuning and the test set is used for prediction and analysis of the data not used to
train the model.

Data Augmentation

In a real-world scenario, we only have a limited number of conditions in a dataset of images; but
may exist in a variety of conditions in the medical landscape, such as different scales, rotation,
orientation, location, color, and brightness, etc. We used image data augmentation to generate
additional synthetically modified data to train the DeMe Net model. The different types of
augmentation techniques that we implemented are shown in Table 2.

Table 2. Dataset for image augmentation.

S.N. [Augmentation Technique|No. of Images
1 |Rescale 1/255
2 _|Rotation Range 10
3 |Width Shift Range 0.2
4 |Height Shift Range 0.2
5 |Shear Range 0.2
6 |Horizontal Flip True
7 |Vertical Flip True
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DeMe Net Architecture

The deep learning method is providing promising results in complex problems. State-of-the-art
deep learning models have a large number of parameters, which take longer to train and consume a
larger space and processing power [11]. In this research, we have proposed the DeMe Net
architecture. DeMe Net is a Convolutional Neural Network (CNN) based architecture that contains
only 788,279 trained parameters which are 175 times less than the VGG16 architecture [12].

The DeMe network takes the input of images with a size of 28x28 pixels and distributes it in four
parallel blocks. Each block contains two convolutional layers that with 32 filters of size 3x3, 24 filters
of size 5x5, 16 filters of size 7x7, and eight filters of size 11x11 respectively. All the convolutional
layers use the same padding and stride of 1x1. After the convolution layers, one batch normalization
layer and a max-pooling layer with a pool size of 2x2 are stacked. Then we concatenated all the
outputs of the parallel blocks and again distributed them into two parallel blocks. These two blocks
contain three convolutional layers with 64 filters of size 3x3 and 32 filters of size 5x5 respectively
and the same padding and stride of 1x1. Also contains the batch normalization and the pooling layers
of the size of 2x2. Then we concatenated the outputs of two parallel blocks and used a single
convolution layer. All the convolution layers used the RelLu activation function. Then we used the
feed-forward network with two hidden layers with 256 and 127 units. The last layer of the model
contains seven units with a SoftMax activation function for the output. The architecture of DeMe Net
is shown in Figure 5.

To train the model, we tuned the hyperparameters of the DeMe Network to achieve higher
accuracy. We used categorical cross-entropy loss to minimize the cost of true value and predicted
value and also used Adam optimizer to handle sparse gradients on noisy problems. To train the model
we initially set a learning rate of 0.00075 which can automatically reduce during training based on the
validation accuracy. We used 30 epochs to train the model (the entire dataset is passed through the
DeMe Network 30 times). Table 3 shows the hyperparameters used while training.

RESULT AND ANALYSIS
Experimental Analysis

In this research, we have created parallel convolutional neural networks to automatically diagnose
dermatological melanoma disease. We have called this CNN network, DeMe Net. To train DeMe
Network we used ISIC 2018 skin lesion image data set. After the pre-processing, we accumulated a
total of 46985 skin lesion images. Then we split them into training and test set in the ratio of 8:2, we
got 37588 and 9397 images. We trained the DeMe Net with a training set and converted this training
set into new training and validation set in the ratio of 8:2 in real-time. While train the model, we used
the learning rate reduction method and trained the network with 30 epochs to achieve the desired
accuracy. The initial learning rate of 0.00075 provides stability in the accuracy and loss curve
concerning epochs. Also, it prevents the model from underfitting and overfitting problems. The
accuracy and loss graph for 30 epoches of DeMe Network training and validation is shown in
Figure 6.

Table 3. Hyperparameters.

S.N. |Hyperparameter|Value
1 |learning rate (o) [0.00075
2 B 0.9
3 B2 0.999
4 |Epochs 30
5 |Batch Size 64
6 |Optimizer Adam
7 |Loss Categorical Cross Entropy
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Figure 6. Accuracy and Loss Graph of the Training and Validation of DeMe Network.

Performance Analysis

Performance measurement is the way to evaluate the algorithm to the problem. This is the
measurement of the predictions made by a trained network on the test dataset. There can be a variety
of measurements used to evaluate the classification model's performance and accuracy. In this
research, we used Confusion Matrix, Accuracy, Precision, Recall, and F1-Score as the measurement

to evaluate the DeMe network.
e True Positive (TP): It defines the number of predictions where the model has been able to
correctly predict the positive class as positive.
e True Negative (TN): It defines the number of predictions where the model has been able to
correctly predict the negative class as negative.
e False Positive (FP): It defines the number of predictions where the model has been able to
falsely predict the negative class as positive.
o False Negatives (FN): It defines the number of predictions where the model has been able to
incorrectly predict the positive class as negative.
e Accuracy: It is a measure of the performance of the model. Accuracy is calculated as the total
number of skins lesion images that were correctly predicted by the model.
TP+TN
Accuracy = ——————
TP++FP+ TN+ FN
e Precision: It is the combination of precision and recall into a single measurement.
Mathematically it is the harmonic mean of precision and recall.
. TP
Precision =
TP+FP
o Recall: It is also known as True Positive Rate and Sensitivity. Recall is the proportion of true
positive (TP) among all the images predicted correctly by the model.
Recall = ——
TP+FN
e F1-score: It is the combination of precision and recall into a single measurement.
© STM Journals 2021. All Rights Reserved 17



Journal of Artificial Intelligence Research & Advances

Volume 8, Issue 3
ISSN: 2395-6720

F1 Score =2 X

Precision xRecall

Precision+Recall

We evaluate DeMe Network on the test set. According to the confusion matrix and the
classification report, we achieved an accuracy of the 98.33% on the testing dataset and 99.85% on the
training dataset. All the experiments were performed in Google Colab and the development codes
uploaded on GitHub repository in https://github.com/Rajsoni03/DeMe-Net. The confusion matrix of
the DeMe Network on the testing dataset shown in the Figure 7. The classification report of the DeMe

Network on the testing dataset is shown on Figure 8.

akiec

bce

bkl

Vasc

akiec bce

Figure 7. Confusion metrix.

precision

akiec 1.00

bcc 8.99

bkl .96

df 1.00

nv 1.00

vasc 1.00

mel 8.94
accuracy

macro avg ©.98

weighted avg .98

recall

1
1
1
1
e
1
1

9.
9.

.00
.00
.00
.00
.88
.00
.00

98
98

fl-score

O R ORO®R R

® 00

Figure 8. Classification report on testing dataset.

Comparative Analysis

In the field of medical diagnosis, treatment of a disease requires an accurate diagnosis of that
disease. We studied a variety of techniques for the automatic detection of skin cancer from images of
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skin lesions. We compared these techniques based on their accuracy. We analysed that the
performance of DeMe network is much higher than other techniques [10-12]. The comparative
analysis of various deep learning techniques is shown in Table 4.

Table 4. Comparative analysis.

Authors Methodology Dataset Accuracy
Polat and Koc [5] CNN and OVA HAM10000 [10] 92.90%
Pham et al. [6] EfficientNetB4 HAM10000 89.97%
Mahajan et al. [7] Meta-Derm Diagnosis network [ISIC 2018 [13], Derm7pt [14], SD-198 [15] | 83.70%
Majtner et al. [8] Ensemble of VGG16 and|ISIC 2018 81.50%
GoogLeNet

Gessert et al. [9] Ensembling HAM10000, ISIC 2018 85.10%
Ours DeMe Net HAM10000 98.33%
CONCLUSION

In the medical field, early diagnosis is important in order to prevent the disease. The evaluation
metric treats all classes equally but the ISIC dataset is highly imbalanced in terms of classes, which
makes it very challenging. We used pre-processing (Data Sampling, Augmentation) techniques to
make this data clean that helps to prevent overfitting and underfitting while training the model. The
DeMe Net consists of a total of 788,823 parameters that make this model extremely compact in terms
of size and it also reduces the computation cost that makes this model capable to work on low-end
devices. Also, it reduces the prediction time with higher accuracy. The proposed DeMe Network
evaluated using the test dataset consists of 9397 dermatology skin cancer images from the ISIC 2018
dataset and achieved an accuracy of 98.33%. This experiment shows that parallel processing can help
to solve complex problems and reduce the size of the model and computation cost.
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