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Skin cancer cases are increasing and becoming one of the main problems worldwide. Skin cancer is known as a
malignant type of skin lesion, and early detection and treatment are necessary. Malignant melanoma and seb-
orrheic keratosis are known as common skin lesion types. A fast and accurate medical diagnosis of these lesions is
crucial. In this study, a novel Gabor wavelet-based deep convolutional neural network is proposed for the

detection of malignant melanoma and seborrheic keratosis. The proposed method is based on the decomposition
of input images into seven directional sub-bands. Seven sub-band images and the input image are used as inputs
to eight parallel CNNs to generate eight probabilistic predictions. Decision fusion based on the sum rule is uti-
lized to classify the skin lesion. Gabor based approach provides directional decomposition where each sub-band
gives isolated decisions that can be fused for improved overall performance. The results show that the proposed
method outperforms alternative methods in the literature developed for skin cancer detection.

1. Introduction

Cancer is one of the main problems worldwide [1]. The disease can
take in several forms and occurs in different locations of the human
body. One of the most commonly seen and deadly cancer types in
women is breast cancer. Another widely recognized and cancer type
with high mortality rates among men is prostate cancer. Melanoma skin
cancer is also common and deadly among men and women. This type of
cancer is known as the most commonly treated skin cancer type, and 9%
of the population is affected in the United States. Moreover, it has also
been reported that melanoma skin cancer type is the leading cause of
cancer-related deaths in the United States. A recent study [1] has re-
ported the estimated number of new cases and new cancer-related
deaths.

Melanoma is one of the skin cancer types, and its associated mor-
tality rate is higher than other types of skin cancer. This malignant type
also causes more deaths than different skin cancer types, [2-4]. Mela-
noma and nevus are known as melanocytic skin lesions.
Non-melanocytic skin lesions also occur in malignant and benign forms.
Basal cell and squamous cell carcinoma are non-melanocytic malignant
skin lesions. Actinic keratosis is the early form of squamous cell carci-
noma. Dermatofibroma, vascular, and benign keratosis are known as
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non-melanocytic benign lesions. Although Basal-cell and squamous-cell
carcinoma are more common, melanoma causes a greater number of
deaths, [2,5].

Early detection of skin cancer leads to effective treatment. Early
detection of cancer could be achieved via automated detection of cancer
types using deep learning techniques. Recent studies show that accurate
automatic detection of skin cancer can be achieved using deep con-
volutional neural networks (CNNs). Recent surveys [6-8] have also
explained the automated detection of skin cancer forms.

Esteva et al. [1]. used a single GoogleNet CNN model [9,10] for skin
lesion prediction. Han et al. [2]. also utilized the ResNet-152 CNN model
[11] for skin cancer type recognition. Kaymak and Serener [12] used
several single CNN models for the prediction of different categories of
skin lesions. On the other hand, several studies have used an ensemble of
CNN models for skin cancer detection. Hagari [13] combined AlexNet
[14], GoogleNet, VGG [15], RestNet for lesion prediction. Mahbod [16]
proposed to fusion of AlexNet, ResNet-18, ResNet-100 and VGG16 for
malignant type lesion classification.

The proposed method is different than the above mentioned
methods. The proposed new model contains several Gabor wavelet and
skin image-based CNN models. This method is an extension of previous
techniques and utilizes Gabor representations in a unified CNN model.
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The model also allows the integration of image data for further en-
hancements. The Gabor wavelet-based deep convolutional neural
network method utilizes Gabor filters on skin images to obtain detailed
representations of the skin lesions. Then these details are modeled using
deep convolutional neural network models. Furthermore, the fusion of
skin images and Gabor representations is performed to increase the ac-
curacy of the proposed method. All details are modeled using deep
networks, and then outputs are fused using a probabilistic fusion method
to detect skin cancer types.

Previous studies [12,13,16,21] have used skin images as inputs and
an ensemble of CNN models for the prediction of skin lesion types. In
contrast, this work is based on the decomposition of input images into
seven directional sub-bands and then seven sub-band images along with
the input image are used as inputs to eight parallel CNNs channels. Eight
probabilistic predictions originating from the input channel and seven
directional sub band channels are fused for the prediction of skin lesion
type.

The main novelties of this work can be summarized as follows. Pri-
marily, a novel Gabor wavelet-based deep convolutional neural network
is proposed for the detection of malignant melanoma and seborrheic
keratosis. The proposed method is based on the decomposition of input
images into seven directional sub-bands. Gabor based approach provides
directional decomposition where each sub-band gives isolated decisions
that can be fused for improved overall performance. Seven sub band
images and the input image are used as inputs to eight parallel CNNs to
generate eight probabilistic predictions. Decision fusion based on the
sum rule is utilized to classify the skin lesion. Gabor based approach
provides directional decomposition where each sub-band generates
isolated directional information in the respective sub-band channel.
CNN processing in each channel generates learning in the respective
direction which can be regarded as decorrelated from the other di-
rections. Hence, combining the decisions of these channels improve the
overall classification performance. This approach can be regarded as an
augmentation method coupled with multi-channel CNN learning.

The organization of this paper is as follows. The related work section
describes previous studies on this subject. In Section 3, we describe the
proposed method and give explanations for both the single and
ensemble of deep convolutional neural network models. This section
also explains Gabor representations and model generations. In Section 4,
we report the proposed model evaluation. This section also compares the
results of the proposed and other methods. Finally, we conclude the
proposed methodology in Section 5.

2. Related work

There are two different classification approaches for skin lesion
classification. These categories are single deep learning-based methods
and the ensemble of deep learning methods.

2.1. Single deep learning based methods

Esteva et al. [1] proposed an approach for the classification of skin
lesions using the GoogleNet Inception v3 deep learning model. The
technique classifies three groups of skin types. First, the method detects
malignant and benign types of skin lesions. Second, this technique also
recognizes keratinocyte-carcinomas and seborrheic keratoses types.
Finally, the study also identifies malignant melanomas and nevi. They
have achieved better then dermatologists. The proposed method builds
on three skin lesion datasets and then builds a model using GoogleNet
Inception v3 convolutional neural network architecture. Then skin le-
sions are recognized using the model.

Han et al. [2] proposed Resnet-152 for the classification of skin le-
sions. These lesions are basal cell carcinoma, squamous cell carcinoma,
intraepithelial carcinoma, actinic keratosis, seborrheic keratosis, ma-
lignant melanoma, melanocytic nevus, lentigo, pyogenic granuloma,
hemangioma, dermatofibroma, and warts. This study used several
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datasets comprised of different ethnic groups. This study showed that
ethnicity and image contrast are the factors that decrease the classifi-
cation accuracy of skin lesions.

Menegola et al. [17] used six publicly available databases for skin
lesion recognition. Their approach involved the training of Deep
ResNet-101 and Google Inception-v4 models for malignant melanoma,
seborrheic keratosis, and nevus skin lesion classification. This study
showed that increasing training images by combining databases results
in more accurate lesion classification.

Zhang et al. [18] proposed attention-based residual learning for
melanoma, seborrheic keratosis, and nevus skin lesion classification.
This method builds on the ResNet deep learning model. Attention-based
layers model the last layers of this ResNet model.

Fujisawa et al. [19] proposed a four-level skin tumor detection
technique. This method allows the classification of 21 skin lesion types.
Skin lesion images are modeled using the GoogleLeNet, and then skin
images are classified in four levels. First, malignant and benign types are
recognized, and then epithelial, melanocytic categories are identified.
This model also provides actinic keratosis, seborrheic keratosis, basal
cell carcinoma, and Bowen disease identification.

2.2. Ensemble of the deep learning based methods

Harangi [13] proposed an ensemble of the CNN models for the
classification of melanoma, seborrheic keratosis, and nevus. The pro-
posed method fuses the output probabilities of the GoogLeNet, AlexNet,
ResNet, and VGGNet models. The study also suggests four probabilistic
fusion techniques for joining the models. These are the sum rule, product
rule, simple majority voting, and the maximal probability rule. The sum
of the maximal probabilities method leads to higher performance than
other fusion techniques. This study also shows that joined models
perform better than a single CNN model for skin lesion classification.

Mahbod et al. [16] proposed fusing fine-tuned deep features for skin
lesion classification. This method builds on the training of several
fine-tuned CNN models and then extracts features from the last fully
connected layers. Then, these features are fused, and lesion classification
is performed using Support Vector Machines.

Mahbod et al. [20] proposed a feature-based CNN model. The
method builds on three deep convolutional neural networks. Features
are extracted using AlexNet, VGG16, and ResNet-18 models. Then, the
three support vector machines employ these features for skin lesion
prediction.

Matsunaga et al. [21] proposed a deep neural network ensemble for
the classification of melanoma, seborrheic keratosis, and nevus. Their
proposed method builds on two binary classifiers. First, a classifier is
generated to classify melanoma and other lesions. Second, another
classifier is generated to classify seborrheic keratosis and other the skin
lesions. Classifiers are created using different sets of skin lesion images
and ResNet-50 models. The model fuses the output probabilities for skin
lesion classification.

Nyiri and Kiss [22] proposed an ensemble of CNNs for dermatolog-
ical image classification. First, the VGG16, VGG19, Xception, Inception,
ResNet, and DenseNet models are generated using skin images. Then,
these models are also created using segmented skin images. Then, skin
image and segmented skin image-based CNN models are fused for lesion
prediction. The results show that the ensemble of all models resulted in
better performance than a single CNN model for lesion prediction. This
study shows that ensemble CNNs outperforms each of the CNN models.

Nozdryn-Plotnicki et al. [23] generated different deep learning
models, and each of these models led to the prediction of skin lesion
type. The fusion of these model output probabilities provides better
estimates of the skin types.

Li and Shen [24] proposed a method for the classification of mela-
noma, seborrheic keratosis, and nevus skin lesions. The study utilizes
two ResNet models to obtain two fully connected probability maps.
Then, these maps are fused for lesion type classification.
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Fig. 1. The proposed gabor wavelet and image based deep convolutional neural network model for skin cancer detection.
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Fig. 2. Skin lesion types in ISIB 2017 dataset.

Gonzalez-Diaz [25] proposed the integration of several deep learning
models for the classification of melanoma, seborrheic keratosis, and
nevus. These models are the lesion segmentation model, structure seg-
mentation model, and diagnosis model. A given a skin lesion image is
segmented and then used as the inputs for structure segmentation model
for further feature representation. The diagnosis model uses all features
to predict the final skin lesion type.

Bi et al. [26] proposed an ensemble method for skin recognition. The
method allows the classification of melanoma, seborrheic keratosis, and
nevus skin forms. This method builds on fusing several convolutional
neural network outputs.

Recently, Hagerty et al. [27] proposed a different approach than the
above studies. This approach extracts six features from skin lesion im-
ages. Then, the ResNet-50 CNN model is trained on these feature rep-
resentations to obtain six feature vectors. The obtained feature vectors
are mapped to skin lesion types using logistic regression.

3. Method

The proposed method builds on Gabor wavelet-based CNN models
and an image-based CNN model, Fig. 1. First, seven directional Gabor
wavelets represent skin images. Then, the seven Gabor-based CNN
models are learned to recognize skin lesion classes. The image-based
CNN model is also generated using only skin images. Finally, the CNN
model outputs are combined for the estimation of melanoma and seb-
orrheic keratosis classes (see Fig. 2).

Decision fusion allows a combination of output probabilities of CNN
models. Single CNN model provides probability values for melanoma,
seborrheic keratosis, and nevus skin lesions. These probabilities can be
denoted by p; where i = 1,..,n and n is the number of output probabil-
ities. In this case, the n value is equal to 3.

An ensemble of CNNs also provides output probabilities. These
probabilities are denoted by p; wherei = 1,..,nandj = 1,..,m. The value
of m represents the number of CNN models. This study builds on four
CNN models, and the value of m equals 4.

The fusion of generated probabilities of CNN models is achieved by
the sum of probabilities (SMP) [13]. The SMP is denoted by

Z;n:lpij

Pim=r—=— =1,..... n. @
Zi:]Zj:lpi/’

where p;; indicates the i class probability of the CNN; model.

3.1. Gabor wavelet representations

Fig. 3 shows skin image representation using directional Gabor
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Fig. 3. Skin image representation using directional gabor wavelets.

wavelets [28]. Skin images are represented in directional detail using
Gabor wavelet coefficients. Directional Gabor filters in 0°, 22.5°, 45°,
67.5°, 90°, 112.5°, 135°, 157° are applied to a skin lesion image and
then corresponding directional skin image details are obtained. As a
result, this approach provides orientational shape information in both
spatial and frequency domains for skin images.

Gabor wavelets, 2D domain, is defined by

Flx,y) = eboltnl/a goililsol o)) /4 o)

Table 1

ISIC 2017 dataset.
Model Description
Melanoma 374
Seborrheic keratosis 254
Melanocytic nevus 1372
Total 2000
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Table 2
The augmented dataset.
Col 1 Col 2 Col 3
Skin images Melanoma 3366
Skin images Seborrheic keratosis 3556
Skin images Melanocytic nevus 4116
0" Gabor wavelet coeff. Melanoma 3366
22.5" Gabor wavelet coeff. Melanoma 3366
45" Gabor wavelet coeff. Melanoma 3366
67.5" Gabor wavelet coeff. Melanoma 3366
90" Gabor wavelet coeff. Melanoma 3366
112.5" Gabor wavelet coeff. Melanoma 3366
135" Gabor wavelet coeff. Melanoma 3366
0" Gabor wavelet coeff. seborrheic keratosis 3556
22.5" Gabor wavelet coeff. seborrheic keratosis 3556
45" Gabor wavelet coeff. seborrheic keratosis 3556
67.5" Gabor wavelet coeff. seborrheic keratosis 3556
90" Gabor wavelet coeff. seborrheic keratosis 3556
112.5" Gabor wavelet coeff. seborrheic keratosis 3556
135" Gabor wavelet coeff. seborrheic keratosis 3556
0" Gabor wavelet coeff. melanocytic nevus 4116
22.5" Gabor wavelet coeff. melanocytic nevus 4116
45" Gabor wavelet coeff. melanocytic nevus 4116
67.5" Gabor wavelet coeff. melanocytic nevus 4116
90" Gabor wavelet coeff. melanocytic nevus 4116
112.5° Gabor wavelet coeff. melanocytic nevus 4116
135" Gabor wavelet coeff. melanocytic nevus 4116

Location is defined by (xo,Yo) in the image and spatial frequency is
denoted by wy, = \/uj+vi. The orientation is also given. 6 =
arctan(vy /up)

Gabor wavelets, 2D Fourier transform, is also denoted by

F(M, V) _ e[(“’“OH’(V’”‘O)Z}aZ Padis (uo—vg}Jr[yo(v—vo)ﬂz] 3)

Gabor wavelet function of the real part is located in the center of the
image xo,yo = (0,0).

3.2. Dataset

This work uses the ISIC 2017 dataset. This dataset includes mela-
noma, seborrheic keratosis, and melanocytic nevus images. The number
of melanoma, seborrheic keratosis, and melanocytic nevus images are
374, 254, 1372, respectively. Table 1 shows the number of skin images
in the ISIC 2017 training dataset.

The Gabor wavelet filters are applied to all images of the ISIC 2017
dataset, and the corresponding Gabor wavelet coefficients of melanoma,
seborrheic keratosis, and melanocytic nevus are obtained.

Then data augmentation is also carried out for skin images and Gabor
representations. The melanoma and seborrheic keratosis images are
rotated 18° while melanocytic nevus is rotated 45° degrees. The skin
images and corresponding Gabor wavelets can be seen in Table 2.



S. Serte and H. Demirel

Table 3
Generated models for skin images and gabor wavelet coefficients.
Model Description
1 CNN for Skin images
GO CNN for 0" Gabor Wavelet Coeff.
Gl CNN for 22.5" Gabor Wavelet Coeff.
G2 CNN for 45~ Gabor Wavelet Coeff.
G3 CNN for 67.5° Gabor Wavelet Coeff.
G4 CNN for 90" Gabor Wavelet Coeff.
G5 CNN for 112.5° Gabor Wavelet Coeff.
G6 CNN for 135" Gabor Wavelet Coeff.
GR CNN for Seven gabor Wavelet Coeff.
I-GR CNN for Image and Seven Gabor Wavelet Coeff.
1-GR0235 CNN for 0°,45°,67.5°,112.5° Gabor Wavelet Coeff.

3.3. Gabor CNN model generations

Table 3 shows the generated models for the proposed Gabor based
CNN model. I represents the generated CNN model for skin image data.
The other seven Gabor based CNN models are GO, G1, G2, G3, G4, G5,
G6, G6, and G7. GO is the CNN model, and it is trained using 0° Gabor
wavelet representations of the skin images. Similarly, G1, G2, G3, G4,
G5, G6, G6, and G7 are the CNN models, and they are generated using
22.5°, 45°, 67.5°, 90°, 112.5°, 135°, 157° Gabor representations
respectively.

GR model describes the fused Gabor wavelet-based CNN model. This
model is developed by training seven CNN models for seven Gabor
wavelet representations and then fusing the output probabilities. Section
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3 explains the fusing process. Similarly, the I-GR model describes the
unified image and Gabor wavelet-based CNN model. This model is
created by training seven CNN models for seven Gabor wavelet repre-
sentations and a CNN model for skin images. Then, the output proba-
bilities are combined for skin type classification.

Wavelet and skin image-based CNN models build on the AlexNet, and
ResNet-18 models. These CNN models are the pretraned ImageNet [29].
The proposed method uses these trained AlexNet and ResNet-18 models
to fine-tune them for the skin lesion types. Pre-trained models allow
better estimation of network parameters together with ISIC 2017
images.

4. Performance evaluation

The performance of the proposed Gabor wavelet-based deep learning
model is evaluated for melanoma and seborrheic keratosis recognition
tasks. The area under the receiver operating characteristic curve (M-
AUC), accuracy (M-ACC), sensitivity (M-SE), and specificity (M-SP)
shows the performance of the melanoma. Similarly, the area under the
receiver operating characteristic curve (SK-AUC), accuracy (SK-ACQC),
sensitivity (SK-SE), and specificity (SK-SP) defines the performance of
seborrheic keratosis. The average area under the receiver operating
characteristic curve (AVG-AUQC) is also defined for melanoma and seb-
orrheic keratosis lesion types. The performance evaluation of the pro-
posed methods is evaluated using the publicly available ISIC 2017
dataset. This dataset contains skin lesion images of melanoma, sebor-
rheic keratosis, and nevus classes.

Table 4
The performances of the proposed models.
CNN for Image CNN for Gabor Method AVG-AUC M-AUC M-ACC M-SE M-SP SK-AUC SK-ACC SK-SE SK-SP
AlexNet - I 0.72 0.86 0.81 0.23 0.95 0.58 0.81 0.62 0.88
ResNet-18 - I 0.69 0.77 0.83 0.30 0.96 0.61 0.82 0.74 0.85
- AlexNet GR-0 0.78 0.84 0.77 0.10 0.93 0.71 0.56 0.17 0.71
- AlexNet GR-1 0.80 0.82 0.79 0.13 0.95 0.77 0.68 0.10 0.91
- AlexNet GR-2 0.82 0.83 0.78 0.37 0.88 0.80 0.71 0.17 0.92
- AlexNet GR-3 0.86 0.91 0.82 0.30 0.95 0.80 0.71 0.17 0.92
- AlexNet GR-4 0.83 0.82 0.81 0.30 0.93 0.84 0.73 0.38 0.87
- AlexNet GR-5 0.86 0.86 0.80 0.20 0.95 0.85 0.71 0.17 0.92
- AlexNet GR-6 0.60 0.80 0.71 0.10 0.87 0.40 0.45 0.57 0.40
- AlexNet GR 0.78 0.85 0.79 0.17 0.95 0.70 0.71 0.48 0.80
AlexNet AlexNet I-GR 0.88 0.95 0.82 0.20 0.98 0.80 0.65 0.33 0.78
ResNet-18 AlexNet I-GR 0.79 0.84 0.79 0.17 0.95 0.73 0.69 0.50 0.77
ResNet-18 AlexNet I-GR0235 0.91 0.96 0.83 0.13 1.00 0.86 0.82 0.17 0.98
1.0 g ) 1.0
o
0.8 : 77777 ‘ 0.8
2 T 2
@ - @
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Fig. 4. The performance comparions of melanoma and seborrheic keratosis.
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Table 5

The performance comparision of the proposed models.
Network Method AVG-AUC M-AUC M-ACC M-SE M-SP SK-AUC SK-ACC SK-SE SK-SP
GR Gabor based CNN 0.78 0.85 0.79 0.17 0.95 0.70 0.71 0.48 0.80
I-GR Gabor and AlexNet 0.88 0.95 0.82 0.20 0.98 0.80 0.65 0.33 0.78
I-GR Gabor and ResNet-18 0.79 0.84 0.79 0.17 0.95 0.73 0.69 0.50 0.77
I-GR0235 Gabor and ResNet-18 0.91 0.96 0.83 0.13 1.00 0.86 0.82 0.17 0.98
Haragi [13] Ensembles of CNNs 0.89 0.85 0.85 0.40 0.71 0.93 0.88 0.71 0.85
Zhang et al. [18]. Attention based CNN 0.90 0.86 0.84 0.59 0.89 0.95 0.90 0.87 0.93
Li and Shen [24] Lesion Indexing - 0.91 0.86 0.49 0.96 - - - -
Matsunaga et al. [21]. Ensembles of CNNs 0.91 0.87 0.83 0.73 0.85 0.95 0.80 0.98 0.77
Diaz [25] Knowledgebased CNN 0.91 0.85 0.82 0.10 0.99 0.96 0.87 0.17 0.99
Menegola et al. [17]. Ensembles of CNNs 0.91 0.87 0.87 0.54 0.95 0.94 0.89 0.35 0.99
Bi et al. [26]. Ensembles of CNNs 0.89 0.87 0.85 0.42 0.96 0.92 0.91 0.58 0.97
Mahbod et al. [16]. Deep features 0.91 0.87 — — — 0.95 - - -
Mahbod et al. [20]. Hybird CNNs 0.90 0.84 - - - 0.97 - - -
Hagerty et al. [27]. HC Ensemble - 0.90 - - - - - - -
Hagerty et al. [27]. HC and DL Ensemble - 0.94 - - - - - - -

4.1. Gabor wavelet based method [2] A. Esteva, B. Kuprel, A.,R. Novoa, M.,S. Swetter, M.H. Blau, S. Thrun,

Table 4 shows all generated model performances. The best per-
forming model is I-GR0235 among the other models. This model pro-
vides a value of 0.96% M-AUC melanoma classification. This model also
gives a value of 86.0% for SK-AUC. The AVG-AUC is 91.0%. Addition-
ally, the GR model results in values of 0.78,0.85,0.70% for AVG-AUC,
M-AUC, and SK-AUC, respectively. Moreover, the I-GR models lead to
values of 0.88,0.95,0.80% for AVG-AUC, M-AUC, and SK-AUC,
respectively. As a result, the image and Gabor-based CNN provided
higher recognition value when they were combined for skin type
prediction.

Fig. 4 shows the receiver operating characteristic curves for mela-
noma and seborrheic keratosis. First, Fig. 4 (a) gives comparisons of the
R18-A-I-G0235, I-ACNN, and I-GR-ACNN models. The best performing
model is R18-A-1-G0235. This model outperforms the only image-based
[-ACNN model. R18-A-I-G0235 builds on the image-based ResNet-18,
and the seven Gabor wavelet-based AlexNet model. Finally, Fig. 4 (b)
presents a comparison of I-RCNN and R18-A-I-G0235 models. R18-A-I-
G0235 also outperforms the I-RCNN model.

4.2. Comparison of the proposed methods

Table 5 shows a comparison between the proposed Gabor wavelet-
based CNN model and other recently developed CNN methods. The
proposed I-GR and I-GR0235 models outperform all other proposed
methods for melanoma detection. The M-AUC values of these models are
0.95.0% and 96.0% respectively. The proposed I-GR0235 model pro-
vides 0.91.0%, 96.0% and 0.86% for AVG-AUC, M-AUC, SK-AUC
respectively.

5. Conclusion

This work proposes a novel Gabor wavelet-based deep learning
model for melanoma and seborrheic keratosis. This model builds on an
ensemble of seven Gabor wavelet-based CNN models. Furthermore, this
model fuses the Gabor wavelet-based model and an image-based CNN
model. The performance evaluation results show that an ensemble of the
image and Gabor wavelet-based model outperforms a single image and
Gabor wavelet-based models. This ensemble also outperformed the
group of only Gabor wavelet-based CNN models. The proposed unified
CNN model generates more effective skin type classification than the
other proposed methods.
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