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1. INTRODUCTION

An abnormal proliferation of skin cells charac-

terizes skin cancer caused by unrepaired DNA

damage or genetic faults [1]. As a result, the cells

on the skin's surface multiply rapidly, leading to

cancerous tumors. Dermal cancer can be divided

into two categories: benign lesions and malignant

lesions.

Malignant melanoma is a type of melanoma that

can spread to other parts of the body. Nearly all

skin cancers originate in the cells of melanocytes

found on the epidermis' outermost layer [2]. More

people are dying and being harmed from melano-

mas because melanomas are the most dangerous

and destructive of all lesion types [3]. The cure rate

can be increased to 90% if the doctors find the le-

sions earlier. Many skin lesions look alike, making

it easy to make a mistake in the visual inspection

process for skin cancer, which can lead to an in-

correct diagnosis. Machine learning can be used to

automatically classify lesion images in image in-

spections and healthcare systems [4].

An estimated 132,000 cases of melanoma and

three million cases of nonmelanoma skin lesions

are diagnosed worldwide. According to the World
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Health Organization, more than 60,000 people died

from sun cancer in the last decade, with 12,000

from nonmelanoma skin cancer and 48,000 from

malignant skin cancer. Approximately 80% of skin

cancer deaths are caused by melanoma [5]. The

development of skin cancer, particularly melanoma,

has been linked to a history of sunburn. Patients'

chances of survival can be increased if melanoma

is correctly identified in the earlier stage [4]. Mela-

noma is difficult for technicians to identify because

of the wide range of interobservation differences.

Early detection of this type of cancer can be im-

proved by using an automated classification sys-

tem.

Melanoma looks like benign moles in the begin-

ning steps of development, making it difficult to

separate between these skin lesions (even for quali-

fied dermatologists [6]). A variety of solutions

based on artificial intelligence have been proposed

to address these issues. This work creates a new

deep learning framework using the Log-Gabor fil-

ter in melanoma classification. The paper intro-

duces the related work in section 2, then explains

the proposed framework in section 3. Section 4

shows numerical results, and Section 5 provides a

conclusion.

2. RELATED WORKS

Melanoma can be diagnosed using a variety of

machine-learning techniques. Data from dermo-

scopic images can be classified using artificial

neural networks (ANNs) or support vector ma-

chines (SVM) [7]. The results of relevant studies

are summarized in this section.

An algorithm developed by Antony et al. [8] can

be used to distinguish between malignant and non-

malignant skin lesions. Feature extraction was

performed on the image. Morphological operations,

such as dilation and erosion, were used to separate

the lesion from the rest of the image for segmenta-

tion purposes. Different features, such as contrast,

correlation, and homogeneity, were subsequently

extracted. An ANN-based model was used to clas-

sify the extracted features.

Poornima and Shailaja [9] used image process-

ing techniques like local binary patterns and gray-

scale conversion to present a melanoma detection

method. Following grayscale conversion, a local

binary pattern was applied to the skin lesion image

in the system. The active contour method was used

to segment dermoscopic features like color, area,

perimeter, and texture. Objects with high contrast

to the background are easily extracted using the

active contour method. An SVM algorithm was

trained using the extracted features to distinguish

between melanoma and non-melanoma cancers. In

another work, Alquran et al. [10] used the thresh-

olding technique to preprocess and segment the

dermoscopy image database. The extracted fea-

tures, which are created by applying co-occurrence

matrix analysis and ABCD rule, were classified by

support vector machine (SVM).

A number of researchers have used deep learn-

ing in melanoma classification. Yu et al. [11] did

the most recent work on melanoma diagnosis.

They used a dermoscopic dataset from several

hospitals to train a CNN. Nearly half of the 750

images taken from patients were of melanoma,

while the rest were acral benign nevi. The visual

geometry group 16 (VGG16) pre-trained model

was trained using the transfer learning approach.

The VGG model achieved 80 percent accuracy, 92

percent specificity, and 75 percent sensitivity.

3. METHODOLOGY

The architecture of the proposed framework is

shown in Fig. 1. Firstly, the Log-Gabor filter is

applied to the original image to create a new repre-

sentation, which is the input of an ensemble of deep

convolution neural networks. This work combined

the two pre-trained networks: MobilNet V2 and

ShuffleNet. The SVM is used to classify the fusion

feature from these two networks. The following
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section will explain our method: Log-Gabor filter

in Section 3.1 and the proposed ensemble network’s

structure in Section 3.2.

3.1 Log-Gabor filter

The Gabor filter is a signal processing technique

for texture extraction. Its operation uses a local

band with well-established optimal localization fil-

ter characteristics in the spatial domain and fre-

quency domain. Individual wavelets in the Gabor

filter band capture energy from a specific direction

and frequency. Dennis Gabor was the first to pro-

pose a Gabor filter [12].

Regarding textural representation, Gabor filters'

orientation and frequency representations are

closely related to the human visual system. Gabor

filters are sensitive to orientation because they can

be considered sinusoidal planes with a specific ori-

entation and frequency. Furthermore, these filters

have optimal localization properties in the fre-

quency and spatial domains, making them ideal for

texture segmentation problems.

Some of the reasons why Gabor filters have got-

ten so much attention in the biometrics research

community are orientation selectivity, spatial lo-

calization, and spatial frequency characterization.

However, only filters with a bandwidth of one oc-

tave can be designed using these filters because

of their bandwidth restriction. Large Gabor filters

also introduce a significant DC component, which

can be a problem. Log-Gabor filters were proposed

by Field as a solution to the bandwidth limitation

of traditional Gabor filter designs. In order to cap-

ture fine details in high frequency regions, Log-

Gabor filters always have a zero-DC component

and desirable high-pass characteristics [13]. A

Log-Gabor filter's frequency response can be

summarized as follows:

(1)

Where f is the normalized radius from the center,

f0 is the filter center frequency, and k is the stand-

ard deviation of the angular component. The pro-

portion should be kept consistent with the

changing values of f0 to get the invariant shape fil-

ter [14]. In this paper, the Log-Gabor transform

contains four different orientations and scales. Fig.

2 shows the Log-Gabor representation of the orig-

inal image.

Fig. 2. Left: The original image. Right: The Log-Gabor 

representation.

3.2 The proposed ensemble network’s structure

The proposed ensemble network has two main

parts: MobileNet and ShuffleNet. The detail of each

Fig. 1. The proposed framework.
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component is discussed in the following subsection.

MobiletNet: Google proposed the MobileNet net-

work in 2017 as lightweight network architecture.

Depthwise separable convolution is the most nota-

ble feature of this network. Depthwise separable

convolution in the MobileNet network allows iden-

tical feature extraction like standard convolution

while using fewer parameters. It has the potential

to alleviate network strain on available hardware

resources. There are two types of depthwise sepa-

rable convolution: depthwise (DW) and pointwise

convolutions (PW). Fig. 3 depicts the structure of

these two depthwise separable convolutions. Only

one-dimensional convolution kernels are used in

DW convolution, and each one is solely responsible

for a single channel's convolution. It's impossible

to make use of the feature information from vari-

ous channels in the same spatial location because

individual convolution is performed independently

between individual channels. Consequently, point-

wise convolution is needed to merge the feature

maps created by depthwise convolution to create

new feature maps. PW convolution is identical to

standard convolution, excluding the kernel being

one by one rather than the standard two by two.

PW convolution will weigh the feature map got by

DW convolution in the depth direction to obtain a

new feature map. Fewer parameters are required

to perform the changes in data dimension [15].

This work extracts features using MobileNet V2,

a newer version of MobileNet V1. Fig. 4 depicts

the differences between the MobileNet V1 and V2

architectures. The pointwise convolutional layers

and the depthwise separable convolutional blocks

in V2 are identical to V1. Nevertheless, the struc-

ture of the convolution layers has changed slightly.

ReLu6 convolution is used in the first layer, while

the second layer executes depthwise convolution,

and the third layer performs one-by-one convolu-

tion. It is also possible to improve depthwise con-

volution accuracy without increasing the computa-

tional of the MobileNet V2 residual layer structure,

which is based on the structure of the ResNet

architecture. In addition, bottleneck layers are used

to reduce the input size. An upper boundary limits

the complexity of the ReLU layer [16].

ShuffleNet: Two new operations, pointwise group

convolution and channel shuffling, are used in

ShuffleNet. The depthwise separable convolution

operation used a 3 × 3 kernel to reduce computa-

tional costs. Shuffles were invented to avoid the

pitfalls of group convolutions. When multiple group

convolutions are combined, only a small percentage

of input channels are used to generate output chan-

nels, which has a negative impact on performance.

Fig. 3. Two types of depthwise separable convolution: 

The depthwise and pointwise convolutions.
Fig. 4. The architecture of the MobileNet V1 and Mobile 

Net V2.
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Shuffling the channels solved this issue and im-

proved MobileNet V1's performance. However,

shuffling is a drawback because it requires addi-

tional computation [17].

ShuffleNet is formed by stacking many Shuffle

Net units. Two types of the ShuffleNet unit are

shown in Fig. 5.

After extracting the feature of the Log-Gabor

representation using the MobileNet and ShuffleNet,

we use the Support Vector Machine (SVM) to fuse

these extracted features. SVM is a supervised ma-

chine learning algorithm for regression and classi-

fication tasks. SVM is designed for the binary

classification problem [18]. The concept of max-

imum margin is employed as a technique against

incorrect labeling. In addition, it uses the idea of

support vectors. The first step in SVM is identify-

ing the hyperplane where data can be separated

linearly. SVM uses a technique known as the

"kernel trick" if the data boundary appears to be

non-linear in one hyperplane. These data can then

be transformed to a higher dimension, where they

can be linearly separated [19].

The final feature, which is an input of SVM, is

calculated as:

(2)

where F1 is the extracted feature from the

MobileNet and F2 is the extracted feature from the

ShuffleNet.

4. NUMERICAL RESULTS

Experiments were carried out using data from

several hospitals [20]. A melanoma class and a be-

nign nevi class comprise this dataset, which has

724 images (374 nevi and 350 melanoma). The data

was gathered between January 2013 and March

2014 at Yonsei University's Severance Medical

Clinic in Seoul and between March 2015 and April

2016 at KeiMyung University's Dongsan Clinic in

Daegu. Fig. 6 present some image from the dataset,

including melanoma and nonmelanoma.

The following metrics were used to estimate the

performance of the proposed framework.

(3)

(4)

(5)

where TP is the true positive, TN is the true

negative, FP is the false positive, and FN is the

false negative.

We gathered the results of the melanoma classi-

fication on the same dataset from other methods

for comparison with the proposed framework.

1x1 GConv

1x1 GConv

Add

BN

Relu

1x1 GConv

1x1 GConv

Concat

BN

Relu

Channel Shuffle

3x3 DWConv

BN Relu

BN 

Channel Shuffle

3x3 DWConv
(stride = 2)

3x3 AVG Pool
(stride = 2)

Fig. 5. Two different ShuffleNet units.

Fig. 6. The random image from the dataset.
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Various evaluation criteria are used to estimate

performance, including accuracy, specificity, and

sensitivity. The comparison result is given in Table

1. Fig. 7 visualizes the result from Table 1.

The proposed method gets the second position

in Table 1 in terms of accuracy, specificity, and

sensitivity. The most accurate approach belonged

to Raza et al. [21]. However, they combine four

networks, while we use only two. Also, the number

of parameters of their method increased 20 times

compared to our work. With huge parameters, the

Raza method could not run on a mobile device like

Table 1. The comparison of different methods on the melanoma classification task.

Authors Method Evaluation Metric Results parameters

C. Yu et al. [11]
Transfer Learning
employing VGG16

Accuracy
Specificity
Sensitivity

80.3%
75%
92%

138 M

J. A. Salido et al. [22]
Transfer Learning employing
AlexNet (Original images
without Hair Removal)

Accuracy
Specificity
Sensitivity

82.5%
74%
74%

61 M

J. A. Salido et al. [22]
Transfer Learning employing
AlexNet (with Hair Removal)

Accuracy
Specificity
Sensitivity

92.5%
90%
90%

61 M

S. Lee et al. [23]
Transfer Learning employing

ResNet50

Accuracy
Specificity
Sensitivity

83.51%
N.A
N.A

25.6 M

R. Raza et al. [21]

Stacking ensemble of four
pre-trained models: Xception,
Inception-ResNet-V2,

DenseNet121, DenseNet201

Accuracy
Specificity
Sensitivity

97.93%
97.50%
97.83%

106.8 M

This study
Stacking ensemble of two
pre-trained models:

mobileNetV2, ShuffleNet

Accuracy
Specificity
Sensitivity

94.48%
94.37%
94.37%

4.9 M

Fig. 7. The comparison of different methods on the melanoma classification task (bar chart).
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a smartphone. In contrast, our approach can run

on a mobile device because it uses low parameters.

Nowadays, developing healthcare-based apps on

smartphones is a crucial task.

Our work requires the lowest parameters. It in-

creases the accuracy to 14.2% and reduces the

number of parameters to 28 times (compared to Yu

et al. [11]). Another note is that the only method

proposed by J.A. Salido et al. [22] has a report on

the case of hair removal. The accuracy improves

by 10% with hair removal (the accuracy is 92.5%

with hair removal and 82.5% without hair re-

moval). However, their accuracy is still lower than

our method (without hair removal). Also, their pa-

rameters are 12 times as compared to our frame-

work.

5. CONCLUSION

When it comes to cancer in humans, skin cancer

is among the most dangerous diseases. Physicians

will save time and have a higher cure rate if skin

lesions can be automatically classified using DL.

Frameworks for typical DL do not work on mobile

systems because they have high parameter re-

quirements. Thus, the development of a light-

weight DL framework for the classification of skin

lesions is essential. This work introduces a new

lightweight framework for melanoma classification.

The experimental results demonstrate that the

proposed method is more accurate and efficient

than the other methods. More specifically, the pro-

posed framework decreases the number of param-

eters up to 28 times compared to another approach

while increasing the accuracy by 14.2%. For future

work, we will integrate the proposed framework

with the mobile healthcare system for melanoma

detection.
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