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Abstract: Melanoma is a cancer that threatens life and leads to death. Effective detection of skin
lesion types by images is a challenging task. Dermoscopy is an effective technique for detecting
skin lesions. Early diagnosis of skin cancer is essential for proper treatment. Skin lesions are similar
in their early stages, so manual diagnosis is difficult. Thus, artificial intelligence techniques can
analyze images of skin lesions and discover hidden features not seen by the naked eye. This study
developed hybrid techniques based on hybrid features to effectively analyse dermoscopic images
to classify two datasets, HAM10000 and PH2, of skin lesions. The images have been optimized
for all techniques, and the problem of imbalance between the two datasets has been resolved. The
HAM10000 and PH2 datasets were classified by pre-trained MobileNet and ResNet101 models.
For effective detection of the early stages skin lesions, hybrid techniques SVM-MobileNet, SVM-
ResNet101 and SVM-MobileNet-ResNet101 were applied, which showed better performance than
pre-trained CNN models due to the effectiveness of the handcrafted features that extract the features
of color, texture and shape. Then, handcrafted features were combined with the features of the
MobileNet and ResNet101 models to form a high accuracy feature. Finally, features of MobileNet-
handcrafted and ResNet101-handcrafted were sent to ANN for classification with high accuracy. For
the HAM10000 dataset, the ANN with MobileNet and handcrafted features achieved an AUC of
97.53%, accuracy of 98.4%, sensitivity of 94.46%, precision of 93.44% and specificity of 99.43%. Using
the same technique, the PH2 data set achieved 100% for all metrics.

Keywords: deep learning; hybrid features; ANN; skin lesion; handcrafted; SVM

1. Introduction

Cancer is a disease caused by the abnormal growth of cells and can spread and
multiply through the lymph nodes, tissues and blood. Skin cancer is among the harmful
and life-threatening types of cancer that cannot be treated if not detected and treated in
the initial stages [1]. The skin is the outer cover and the first source of defence for the
body against viruses and external shocks. It is also a source of beauty for a person. If the
performance of the skin changes slightly, it will affect the body system. There are many
causes of skin diseases due to fungi, bacteria, allergies or the formation of dyes. Some skin
diseases are chronic and may grow into malignant tissues. The affected area is called a
skin lesion, and each lesion is divided according to the cells it comprises. Melanocytes are
responsible for producing melanin, and not producing melanin leads to a lack of pigment
in the skin. Irregular production of non-pigmented cells, such as squamous and basal cells,
leads to non-pigmented lesions such as basal and squamous cell carcinomas. A distinction
is made between the two types of lesions based on the presence or absence of some features,
such as the network of pigments. The lesion is then distinguished as malignant or benign
based on the characteristics of dermoscopic images. If it is benign, it is classified into
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other types of skin lesions. Melanoma and non-melanoma skin cancers are two types of
life-threatening skin cancers. In the United States of America, about 5.4 million people
develop skin cancer annually [2]. According to World Health Organization reports, skin
cancer increases by 53% annually, and the percentage is growing annually [3]. If skin
cancer is detected in its early stages, the survival rate is more than 95%, and in contrast,
the survival rate is less than 10% if early diagnosis fails. Non-melanocyte carcinomas
are more common but less harmful than melanomas [4]. Although melanoma accounts
for 5% of skin cancers, it causes more than 70% of deaths [5]. Identifying melanoma and
non-melanoma requires highly experienced dermatologists to recognize the problems
of high similarity between classes and similarity within non-melanocyte classes. Thus,
automated diagnosis will increase accuracy in recognising the type of skin lesion [6]. In
manual diagnosis, the type of skin cancer is determined by clinical examination. Clinical
examination is the initial analysis of the lesion, followed by a biopsy, histopathological
examination and lesion evaluation [7]. The biopsy is done by scraping the skin, taking a
tissue sample and subjecting it to several laboratory tests; this method is painful and takes
a long time. Dermoscopy involves examination of the skin to assess the type of skin lesions.
A dermoscopic technique was developed to assist dermatologists in effectively assessing
the lesion [8]. Detecting the lesion depends on many features, such as color, geometry,
lesion border similarity and texture. Because of the high visual similarity between skin
lesion species, visual classification is difficult and prone to misclassification [9]. Therefore,
classification through deep learning techniques is an alternative to microscopy and an
effective solution for classifying skin lesions. Computer-assisted automated systems help
detect skin cancer in its early stages. Some artifacts in dermoscopic images include skin
lines, darkness, hair and air bubbles. These artifacts make autodiagnosis difficult. Instead,
computational methods provide many methods to treat artifacts, improve images and
appear on the edges of lesions due to the similarity of the characteristics between the types
of skin lesions, especially in the initial stages. Therefore, this work focuses on extracting
hidden features not visible to the naked eye using deep learning models, and integrating
them with handcrafted features.

The main contributions of this study are as follows:

• Removal of artifacts from dermoscopic images of skin lesions using an averaging
filter and then inputting the images into a Laplacian filter to show the edges of the
low-contrast lesions.

• Selection of important features and removal of redundant ones by PCA.
• Classification of dermoscopic images of two datasets, HAM10000 and PH2, by a hybrid

technique, namely SVM-MobileNet-ResNet101.
• Classification of dermoscopic images of two datasets, HAM10000 and PH2, by ANN

based on the combination of CNN (MobileNet and ResNet101) and handcrafted
(discrete wavelet transform (DWT), gray-level co-occurrence matrix (GLCM), fuzzy
color histogram (FCH) and local binary patterns (LBP)) features.

The rest of the paper is organized as follows: Section 2 discusses the methods and
results of previous studies; Section 3 describes the methods and tools for classifying
dermoscopic images of the two datasets, HAM10000 and PH2; Section 4 summarises
and discusses the results of systems performance; Section 5 discusses and compares the
performance of methods; and Section 6 concludes the study.

2. Related Work

Many researchers have devoted their time and efforts to reaching satisfactory results
to develop automated systems that have the ability to diagnose skin lesions and distinguish
between their types in the early stages.

Parvathane et al. [10] presented a lightweight technology for classifying skin lesions
by MobileNet V2 and LSTM. The method is characterized by its ability to quickly identify
the lesion area with fewer calculations than the traditional MobileNet method. The systems
were evaluated using the HAM10000 dataset, which outperformed other methods, with an
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accuracy of up to 85%. Malik et al. [11] introduced deep learning models to extract patterns
from PH2 images with the ABCD rule. Attributes were selected by Greedy Stepwise and
data set balance; the random forest classifier reached a sensitivity of 93% and a kappa of
78%. Joanna et al. [12] developed algorithms to classify skin lesions based on the anatomical
locations of lesions in the face, limbs and trunk by using pre-trained deep learning models
to extract features based on a modified classifier. The algorithms developed were able to
classify images of skin lesions based on the location of skin lesions with an accuracy of
91.45%. Talha et al. [13] proposed a skin lesion detector based on deep learning models
to evaluate the unbalanced HAM10000 data set. The model was tuned with several ultra-
parameters. RegNetY-320 achieved better results than the other models, with balanced
and unbalanced data sets. It reached an accuracy of 91%, an F1-score of 88% and an
AUC of 95%. Ibrahim et al. [14] developed automated systems to analyze two datasets,
ISIC and PH2, for skin cancer detection. The features were extracted by several methods,
combined to form representative features, and fed to neural networks for classification.
Feed forward neural networks (FFNN) reached an accuracy of 97.91% and 95.24% for
diagnosing two data sets of ISIC and PH2, respectively. Aditya et al. [15] presented a deep
learning system of health and objects for skin cancer classification based on pre-trained
CNN models. The features were extracted from the CNN models and sent to a fully
connected layer to classify skin lesions. Walaa et al. [16] applied CNNs to analyze ISIC
2018 images to detect melanoma. The Enhanced Super-Resolution Generative Adversarial
Network method optimizes the images, and the number of images increases during training.
CNN models reached an average accuracy of skin lesion classification of 83.2% for the
ISIC 2018 dataset. Imran et al. [17] developed a deep learning model for the multiclass
classification of ISIC datasets. The deep learning model was carefully designed with
specific layers, various filter sizes and fewer parameters and filters to improve performance.
The model reached an accuracy of 94%, a specificity of 91% and a sensitivity of 93%.
Murugan et al. [18] presented a methodology for diagnosing skin lesions. The images
were improved, and the lesion was isolated from the rest of the image. The features were
extracted from the lesion area by gray level run length matrix (GLRLM) and classified
by SVM and random forests. Muhammad et al. [19] proposed an approach to segmenting
and classifying dermoscopic images for two datasets, HAM10000 and PH2. Histogram
intensity values were used to improve the images, and lesions were segmented by the
salinity method based on CNN. Thresholding converts the image into binary images and
uses the moth flame optimization method to select the most important features. Maximum
correlation analysis was used to combine features and classify them by Kernel extreme
learning machines. The method achieved an accuracy of 90.67% with the HAM10000 data
set. Lina et al. [20] leveraged multiscale information to make a robust prediction. CNN
works with the help of information to predict the edges of the lesion. A connection layer
module was used to feed the features for each task into the sub-block to focus the network
on the lesion edges. Lina et al. [21] proposed a model of CNN enhancement based on a
fully convolutional network to analyse and segment skin lesions. The probabilistic model
was used to refine the lesion boundaries; the model achieved an accuracy of 98% with
the ISBI 2017 data set. Farhat et al. [22] presented a method for classifying the HAM10000
data set through five steps First, images were enhanced and features extracted by transfer
learning. Then, the equated monthly instalment method was applied to select the best
features, and combined with the canonical correlation approach. The selected features were
rated by extreme machine learning, which achieved an accuracy of 93.4%.

Through previous studies, reaching high accuracy in diagnosing types of skin lesions is
still the goal of all researchers. Many studies did not focus on extracting features in several
ways and integrating them. Therefore, this study focused on extracting subtle and hidden
features that are not visible by sight using CNN models and various traditional methods
and incorporating them to produce high-representative feature vectors for each image.
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3. Methods and Materials

This section discusses the methods and materials used for analyzing dermoscopic
images for the early classification of two datasets from skin lesions, HAM10000 and PH2,
as shown in Figure 1. The images were optimized for all systems, and the minority class
images were increased to balance the HAM10000 and PH2 datasets. CNN models were
used for classifying the two datasets. Hybrid techniques SVM-MobileNet, SVM-ResNet101
and SVM-MobileNet-ResNet101 were used to classify skin lesions efficiently. Finally, the
features were extracted from the CNN, combined with the handcrafted features and fed
into the ANN.
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Figure 1. The methodological framework for dermoscopic image analysis to classify the HAM10000
and PH2 datasets for early detection of skin lesions.

3.1. Description of Dermoscopic Images Dataset

In this study, the developed systems were evaluated on dermoscopic images of two
datasets from skin lesions, HAM10000 and PH2.

3.1.1. Description of HAM10000 Dataset

The HAM10000 (Human Against Machine) dataset is considered one of the most
extensive for dermoscopy. The goal is to make the data set available to researchers and
experts to save lives from the most dangerous and deadly skin diseases, and to compete for
the accuracy with which skin lesions can be diagnosed early. Dermoscopic images were
acquired by various devices and under different conditions [23]. The proposed system was
evaluated on the HAM10000 dataset collected over twenty years from the Department of
Dermatology at the Medical University of Vienna, Austria, and the Skin Cancer Clinic at
Kleve Rosendaal in Queensland, Australia. The HAM10000 dataset contains 10,015 images
spread over seven skin diseases: melanocytic nevi (nv) with 6705 images, melanoma (mel)
with 1113 images, benign keratosis lesions (bkl) with 1099 images, basal cell carcinoma (bcc)
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with 514 images, actinic keratoses (akiec) with 327 images, vascular (vasc) with 142 images
and dermatofibroma (df) with 115 images. All images were obtained from both sexes and
distributed over 5406 images for males and 4552 images for females from different body
locations and ages. Also, the data set is unbalanced due to large differences in the number
of images from each class; it is noteworthy that the nv class contains 59 times as many
images as the df class.

3.1.2. Description of PH2 Dataset

The PH2 dataset is available for researchers and experts to conduct research and
establish standards to reach high diagnostic accuracy. The PH2 dataset was obtained
from the Dermatology Service of Pedro Hispano Hospital (Matosinhos, Portugal) [24]. All
images were acquired under the same conditions by the Tuebinger Mole Analyzer system,
which has a 20×magnification lens. PH2 images were acquired in RGB color as BMP files
with a resolution of 768 × 560 pixels. The PH2 dataset contains 200 images distributed
among three classes: 80 nevus, 80 atypical and 40 melanomas.

3.2. Pre-Processing Dermoscopic Images

Image pre-processing technologies provide the ability to interpret information for
experts and those interested in this field, and are essential input into image processing
processes by optimizing specific features.

3.2.1. Enhancement of Dermoscopic Images for the HAM10000 and PH2 Datasets

Image enhancement aims to change some image data (attributes) and make them
clearer for easier processing in later tasks. Image enhancement is used to remove image
artifacts, highlight lesion edges by processing low contrast between the edges of lesions and
healthy skin, remove air bubbles and skin lines, and improve dark images. The images were
optimized using two filters: the average filter and the Laplacian filter [25]. First, the images
were enhanced by an average filter. An average filter improves an image by reducing the
intensity contrast between adjacent pixels. The filter moves over the entire image and
replaces the value of each pixel in the image with the average value of neighboring pixels.

Given an input image f (x, y) and the filter (kernel) size of N = m × n = 5 × 5, the
output of an averaging filter at (x, y) is

g(x, y) =
1
N

a

∑
i=−a

b

∑
j=−b

f (x + i, y + j) (1)

where x and y are varied so that the center (origin) of the filter visits every pixel in f once,
and m = 2 a + 1, n = 2b + 1.

Next, the Laplacian filter was applied to detect the edges of the skin lesions, defined as:

∇ 2 f =
∂ 2 f
∂ x 2 +

∂ 2 f
∂ y 2 (2)

In the x direction, we have

∂ 2 f
∂ x 2 = f (x + 1, y) + f (x− 1, y)− 2 f (x, y) (3)

And, similarly, in the y direction,

∂ 2 f
∂ y 2 = f (x, y + 1) + f (x, y− 1)− 2 f (x, y) (4)

It follows from the proceeding three equations that

∇ 2 f (x, y) = f (x + 1, y) + f (x− 1, y) f (x, y + 1) + f (x, y− 1)− 4 f (x, y) (5)
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Finally, the two enhanced images are merged by subtracting the output image of the
Laplacian filter from the output image of the averaging filter:

O(x, y) = g(x, y)−∇ 2 f (x, y) (6)

where O(x, y) is the outputted enhanced image.
Figure 2 shows samples from the HAM10000 dataset before and after enhancement.

Figure 3 shows samples from the two PH2 datasets before and after enhancement.
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3.2.2. Hair Removal Method

Some dermoscopic images contain hair, which challenges subsequent image processing
methods. Extracting features from images that have hair leads to the inclusion of hair
features as essential features of the lesion, and thus leading to an inaccurate diagnosis [26].
Therefore, the Dullrazor method has been used for hair removal in the proposed methods.
Dullrazor is used for hair removal in three steps: (1) passing of dermoscopic images to the
morphological closing operation of dark hair selection; (2) use of the bilinear interpolations
operation to check the hair pixels and then replace them; (3) smoothing of the new pixels
with a medium filter.

Figure 4 shows images of skin lesions before and after hair removal.
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Figure 4. Sample dermoscopic images of skin lesions before and after hair removal.

3.3. SVM Based on CNN Features

This section introduces a hybrid technique based on extracting the features of dermo-
scopic images of two datasets, HAM10000 and PH2, by CNN models and classifying them
by the SVM algorithm. The idea of this technique is to replace the last layers in the CNN
models with the SVM algorithm.

3.3.1. Extract Deep Feature Maps

A layered CNN is designed to learn visual features. They learn the features automati-
cally by training a dermoscopic image dataset with two skin lesion datasets. Several CNN
structures were constructed to diagnose skin lesions by many layers, their order, training
steps and learning rate. This section describes CNN architecture, including convolutional
and pooling layers [27].

Dermoscopic images of skin lesions are fed into the CNN structure, and when passed
through the convolutional layers, it becomes a feature map (with the number of images
and the height, width and depth of the features). Convolutional layers in neural networks
must have the following features: convolutional filters are sized by width and height. The
convolutional layer implements a set of filters with given sizes, learns the weights from
the training set, processes the input and passes it on to the next layer [28]. The weights
engage neighboring neurons of the same depth, forming a convolutional filter. Three types
of parameters that determine the size of convolutional layers are filter size, step and zero
padding. The filter G (t) size determines the number of pixels that it wraps around the
image E (t) as in Equation (6). Step sets the number of filter offsets on the input neurons;
when the step is 1, it shifts the filter by 1 pixel, and when the step is 2, it shifts the filter by
2 pixels.

W(t) = (E× G) (t) =
∫

E(a)G(t− a)da (7)
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where W (t) refers to the output layer, G (t) refers to the filter and E (t) refers to the inputted
DR image.

Zero padding fills the edges with zeros to keep the output neurons the same size as the
input neurons, and puts zeroes around the edge. When the zero padding is 1, the resulting
neurons are lined by row and column around the edges. When the zero padding is 2, the
resulting neurons are filled with zeros for two rows and two columns around the edges.
The output of neurons is calculated according to Equation (8) [29].

Output Neurons =
N − K + 2P

S
+ 1 (8)

where N indicates the size of the input neurons, K is the size of the filter, P is the size of
padding and S indicates the stride.

The pooling layer reduces dimensionality, reducing image dimensions by pooling the
output from neurons in one layer to a single cell in the next. The calculation is performed
by either the maximum or average grouping. Max pooling uses the maximum values from
each group in neurons in the previous layer, as in Equation (9). Average pooling uses the
average values from each group, as in Equation (10) [30].

H(a; b) = maxq,r=1....k G[(a− 1)p + q; ( b− 1)p + r] (9)

H(a; b) =
1
k2 ∑

q,r=1....k
G[(a− 1)p + q; ( b− 1)p + r] (10)

where G is the wrapped filter around some pixels, q, r means the matrix sites, p is p-step
filter jump and k is number of pixels.

Finally, for the HAM10000 dataset, each model produces features with dimensions of
10,015 × 1024 and 10,015 × 2048 for both MobileNet and ResNet101 models, respectively.
For the PH2 dataset, each model produces features with dimensions of 200 × 1024 and
200 × 2048 for both MobileNet and ResNet101 models, respectively. The PCA deleted the
high dimensional and repetitive features, and the essential features were kept at sizes of
10,015 × 475 and 200 × 475 for both HAM10000 and PH2 datasets, respectively.

3.3.2. Machine Learning (SVM)

The goal of SVM is to create decision lines or boundaries to separate a set of data into
different classes (similar data in the same category). The best hyperplane is the one with
the maximum margin between support vectors. SVM has two types: linear and non-linear.
Linear SVM uses linear separable data. This means that if the data set is classified into two
classes using one hyperplane, these data are called linear separable data, and the classifier
is called SVM linear. Nonlinear SVM is used when the information is not linearly separated.
Support vectors are the data points closest to the lines of both categories [31]. The margin
is the distance from the support vectors to the hyperplane. Although the SVM method is
adaptable to separate the data into two categories, it also classifies the data belonging to
multiple categories. The SVM algorithm receives the features of MobileNet and ResNet101,
and divides the data set into 80% for training the system and validating its generalization,
and 20% for testing it.

In the new technique reported here, the biggest challenge faced was the similarity be-
tween skin lesions, especially in the initial stages. Therefore, the features of MobileNet and
ResNet101 models were combined to overcome this challenge. This technique depended on
extracting the features of the MobileNet and ResNet101 models separately and inputting
them into the PCA method to select the representative features. Features of the two models
were combined and saved to vectors size 10,015 × 950 and 200 × 950 for both HAM10000
and PH2 datasets, respectively. The ANN receives the hybrid features of MobileNet and
ResNet101 and analyzes, interprets and classifies them with high accuracy. Figure 5 shows
the system architecture for analyzing dermoscopic images of the HAM10000 and PH2
datasets using SVM-CNN.
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3.4. ANN with Hybrid Features of CNN and Handcrafted

This technology is a hybrid between artificial neural networks based on fused fea-
tures of CNN and handcrafted ones. This technique aims to achieve superior results for
classifying dermoscopic images of the skin lesion datasets.

ANN is a group of neurons connected and interconnected internally. It has the superior
ability to obtain information from complex data, interpret it, analyze it and produce clear
patterns. Well-trained data and validation in neural networks leads to accurate results for
classifying skin lesions. The success of artificial neural network training depends on the
internal structure of an artificial neural network, which consists of neurons numbered in the
input and output layers, and the number of hidden layers and their neurons. The second
component is the algorithm mechanism for training the input data, where the number of
neurons in the input (475 input units) and hidden layers (20 hidden layers) and output
layers (7 neurons for HAM10000 and 3 neurons for PH2) are determined by identifying the
problem as shown in Figure 6. The best network performance is chosen by experience and
error, in which weights are updated continuously, and the process repeats and stops when
the minimum error ratio is obtained. Artificial neural network algorithms aim to update
the specified weights so that the minimum mean square error (MSE) is obtained between
the actual class labels xi and predicted class labels yi as in Equation (11).

MSE =
1
n

n

∑
i=1

( xi − yi)
2 (11)

where n is the number of data points.
The novelty of this technique is in the extraction of features from CNN models and

merging them with handcrafted features extracted by DWT, GLCM, FCH and LBP methods,
as shown in Figure 7. This technology is characterized by its speed in training the data set
and does not require high-specification hardware.
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The first step is to remove the image optimization artifacts and introduce them to the
MobileNet and ResNet101 models. The two models receive images of skin lesions for two
datasets, HAM10000 and PH2, and analyze them to extract accurate and hidden features
by convolutional layers. Each convolutional layer extracts certain features that differ from
the other layers. Finally, the MobileNet and ResNet101 models acquire high-dimensional
features and save them to vectors of 10,015 × 1024 and 10,015 × 2048 for the HAM10000
and vectors of 200 × 1024 and 200 × 2048 for PH2 datasets. To eliminate redundant and
unimportant features, the MobileNet and ResNet101 models’ features are entered into PCA
and saved at 10,015 × 475 and 200 × 475 for the HAM10000 and PH2 datasets, respectively.

The wavelet transform method provides many advantages over other transform
methods, providing an easy-to-interpret representation. Two-dimensional skin disease
images are decomposed using bi-dimensional wavelet transforms, which are applied to
one-dimensional transformations. According to a multi-resolution, DWT decomposes the
input signal into two new signals with different frequencies [32]. These two new signals are
compatible with low- and high-pass filters, representing wavelet transformation functions.
Approximation coefficients are obtained by low pass filters (LL), while detail coefficients
(horizontal, vertical and diagonal) are obtained by high pass filters (LH, HL and HH,
respectively). The decomposition of A bi-dimensional signal using DWT leads to four sub-
bands per level of decomposition. Standard deviation, mean and variance were extracted
as features from each sub-band (approximation coefficients, detail coefficients (horizontal,
vertical and diagonal)). DWT extracts texture features from skin lesions and saves them in
vector at a size of 10,015 × 12 and 200 × 12 for HAM10000 and PH2 datasets, respectively.

The GLCM is a matrix that shows a different composition of gray levels in the region
of interest. Extracting the texture features of the lesion area by GLCM helps identify
various areas of the lesion region. Since the smooth lesion area has pixel values close to
each other and the rough region has various pixels, the statistical measures of the lesion
area histogram are appropriate for texture measures [33]. These texture metrics containing
spatial information depend on the co-occurrence matrix called the spatial gray-level. Spatial
information determines the relationship between pixel pairs in terms of relative position by
distance d and orientation θ, where it describes the location of the second pixel in relation
to the first pixel. The four values of θ that cover orientations are 0◦, 45◦, 90◦ and 135◦,
the common value of d = 1 when the angle θ is vertical or horizontal (θ = 0 or θ = 90),
and d =

√
2 when it is θ = 45 or θ = 135. GLCM extracts texture features from skin lesions

and saves them in vector at a size of 10,015 × 24 and 200 × 24 for HAM10000 and PH2
datasets, respectively.

Color is a strong feature in the diagnosis of skin lesions. Because each local color given
is represented in the histogram bin, the color of the histogram in the colors of the target
area represents a rough distribution. Two colors will be treated similarly, provided they
are in the same histogram bin. Also, two colors are different when they are in a different
histogram bin, even if the two colors are somewhat similar [34]. FCH is working on a study
of color similarity using the total membership value of each pixel and the distribution of
pixels on total histogram bins. The fuzzy color histogram method is used to distribute
the color from the probability viewpoint. FCH extracts color features from skin lesions
and saves them in vector at a size of 10,015 × 16 and 200 × 16 for HAM10000 and PH2
datasets, respectively.

LBP is one of the methods used to extract features. LBP is a simple and effective
algorithm, because of its robust effectiveness and mathematical simplicity. The method
determines the central pixel to be analyzed and determines the neighboring pixels, where
the method determines the neighborhood 4 × 4 for each central pixel. Parameter R (radius)
is the number that determines the number of pixels of the neighborhood for each central
pixel. The basic idea of the LBP method is that it describes the texture of two-dimensional
surfaces. The method works to transfer the image to an array and analyze the central pixel
according to the neighboring pixels and replace it according to the mathematical expression
of the algorithm, and the process is repeated for each pixel inside the skin lesion. The
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algorithm compares the gray level between the central pixel (gc), called the central pixel,
and the neighboring pixel (gp), called neighborhood pixels, as in Equation (12) [34]. LBP
extracts features from skin lesions and saves them in vector at 10,015 × 203 and 200 × 203
for both HAM10000 and PH2 datasets, respectively.

LBPR,P =
P−1

∑
p=0

s
(

gp − gc
)
2p (12)

where gc refers to the aim pixel, R refers to the adjoining, gp refers to the adjoining pixels
and P refers to the number of adjoining pixels.

Where s(c) =
{

0, c < 0
1, c ≥ 0

(13)

The DWT, GLCM, FCH and LBP methods are combined and called handcrafted
features in vector sizes of 10,015 × 12 and 200 × 12 for HAM10000 and PH2 datasets,
respectively.

Due to the similarity between skin lesions, especially in the early stages, the novelty
of this technique is in the integration of features of the CNN models (MobileNet and
ResNet101) with the handcrafted features. Thus, the hybrid features of MobileNet and
handcrafted are saved in vectors of size 10,015× 730 and 200× 730 for HAM10000 and PH2
datasets, respectively. Likewise, save the features hybrid of ResNet101 and handcrafted in
vectors of size 10,015 × 730 and 200 × 730 for HAM10000 and PH2 datasets, respectively.

The ANN receives hybrid features of CNN (MobileNet and ResNet101) and hand-
crafted features, then analyzes, interprets and classifies them with high accuracy.

4. Results of System Performance
4.1. Split of HAM10000 and PH2 Data Sets

In this work, the performance of the systems was tested on dermoscopic images from
two datasets, HAM10000 and PH2. The HAM10000 data set consists of 10,015 images
distributed unevenly among seven types of melanocytic and non-melanocytic diseases. The
PH2 data set consists of 200 images distributed unevenly among three types of melanocytic
diseases. The two datasets, HAM10000 and PH2, were equally distributed for all systems
into 80% for training and validating the systems (80:20) and 20% for measuring the systems’
performance, as shown in Table 1.

Table 1. Splitting the HAM10000 and PH2 data sets of skin lesions.

Datasets HAM10000 PH2

Phase 80% (80:20)
Testing 20%

80% (80:20)
Testing 20%

Classes Training
(80%)

Validation
(20%)

Training
(80%)

Validation
(20%)

Melanocytic nevi (nv) 4291 1073 1341 51 13 16
Atypical - - - 51 13 16

Melanoma (mel) 712 178 223 26 6 8
Benign keratosis lesions (bkl) 703 176 220 - - -

Basal cell carcinoma (bcc) 329 82 103 - - -
Actinic keratoses (akiec) 210 52 65 - - -

Vascular (vasc) 91 23 28 - - -
Dermatofibroma (df) 74 18 23 - - -

4.2. Metrics of Systems Evaluation

The performance of all systems to classify skin lesions images for two datasets,
HAM10000 and PH2, was measured by measures shown in Equations (14)–(18). The
equations show correctly classified samples denoted as TN and TP, and incorrectly clas-
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sified samples denoted as FN and FP. Systems produce a confusion matrix that contains
correctly and incorrectly classified samples [34].

AUC =
True Positive Rate
False Positive Rate

=
Sensitivity
Specificity

(14)

where AUC is the area under the Receiver Operating Characteristic (ROC) curve.

Accuracy =
TN + TP

TN + TP + FN + FP
× 100% (15)

Sensitivity =
TP

TP + FN
× 100% (16)

Precision =
TP

TP + FP
× 100% (17)

Specificity =
TN

TN + FP
× 100% (18)

where
True Positive Rate =

True Positive
Total Positive

False Positive Rate =
False Positive
Total Positive

4.3. Data Augmentation with Data Balancing

Many datasets encounter obstacles due to the dataset’s lack of enough images and
the dataset’s imbalance between classes, which negatively affect the model’s performance.
Therefore, it is necessary to use techniques for balancing the classes during training. Aug-
mentation is a technique for increasing data for minority classes. The method helps increase
the size of the data set and thus reduces overfitting. The augmentation technique increases
the training set samples using various methods such as rotation, size re-scaling, hori-
zontal and vertical flipping, horizontal and vertical shifting, and cropping [35]. For the
HAM10000 dataset, the technique of increased data was applied to six classes, namely
mel of 1113 images, bkl of 1099 images, bcc of 514 images, akiec of 327 images, vasc of
142 images and df of 115 images, due to the lack data in them, while the augmentation
was not applied to the class called nv as it has 6705 images. There was an increase in the
number of training images for the six classes from 2119 to 24,762 images, while keeping the
number of images in the nv class the same (4291 images) before and after augmentation.

For the PH2 dataset, the technique of increasing data was applied to three classes,
namely nv of 51 images, atypical of 51 images and mel of 51 images. There was an increase
in the number of training images for the three classes from 128 to 4360 images. Table 2 shows
the number of training data sets before and after the augmentation technique was applied.

Table 2. Balancing and augmentation of dermoscopic image data for the two datasets of skin lesions,
HAM10000 and PH2.

Datasets HAM10000 PH2

Phase Training Dataset Training Dataset

Classes nv Mel bkl bcc akiec vasc df nv atypical mel

Bef-augm 4291 712 703 329 210 91 74 51 51 26

Aft-augm 4291 4272 4218 4277 4200 4095 3700 1530 1530 1300

Figure 8 describes the HAM10000 dataset samples after applying the data augmenta-
tion technique to the images.
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Figure 8. Sample dermoscopic images of skin lesions after data augmentation.

4.4. Results of Pre-Trained CNN Models

This section discusses the performance of pre-trained MobileNet and ResNet101
models for image classification of skin lesions for the two datasets, HAM10000 and PH2.
Unfortunately, the ImageNet database does not contain images for the skin lesions data
set. The images were improved before being fed to the MobileNet and ResNet101 models.
Pre-trained models yielded results shown in Table 3 for the classification of skin lesions
for the HAM10000 and PH2 datasets. First, for the HAM10000 dataset, the pre-trained
MobileNet reached an AUC of 94.73%, accuracy of 91.80%, sensitivity of 91.67%, precision
of 90.06% and specificity of 98.24%. Second, for the PH2 dataset, the pre-trained MobileNet
reached an AUC of 92.87%, accuracy of 90%, sensitivity of 92.10%, precision of 88.67% and
specificity of 95.60%.

In contrast, the performance of pre-trained ResNet101 is shown in Table 4. First, for
the HAM10000 dataset, the pre-trained ResNet101 reached an AUC of 95.01%, accuracy of
91.40%, sensitivity of 89.31%, precision of 88.73% and specificity of 98.31%. Second, for the
PH2 dataset, the pre-trained ResNet101 reached an AUC of 93.13%, accuracy of 92.50%,
sensitivity of 92.07%, precision of 91.90% and specificity of 96.23%.
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Table 3. Performance of MobileNet for dermoscopic image analysis to classify skin lesions in
HAM10000 and PH2 datasets.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 92.5 87.7 88.4 90.5 99.6
bcc 93.4 89.3 89.3 88.5 98.7
bkl 96.2 93.6 94.1 97.6 99.7
df 94.6 91.3 90.8 100 99.6

mel 96.1 96.9 97.2 64.5 93.2
nv 95.7 91.5 90.6 98.4 97.4

vasc 94.6 71.4 91.3 90.9 99.5

average ratio 94.73 91.80 91.67 90.06 98.24

PH
2

atypical 92.2 87.5 88.2 100 99.6
mel 94.5 100 99.7 72.7 91.4
nv 91.9 87.5 88.4 93.3 95.8

average ratio 92.87 90.00 92.10 88.67 95.60

Table 4. Performance of ResNet101 for dermoscopic image analysis to classify skin lesions in
HAM10000 and PH2 datasets.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 95.4 93.8 94.3 87.1 99.5
bcc 93.7 92.2 91.6 92.2 99.6
bkl 96.6 93.2 93.4 96.2 99.5
df 93.6 91.3 90.8 95.5 99.8

mel 96.1 93.3 93.2 94.2 93.4
nv 98.2 91.1 90.7 98.8 97.8

vasc 91.5 71.4 71.2 57.1 98.6

average ratio 95.01 91.40 89.31 88.73 98.31

PH
2

atypical 94.9 93.8 94.1 100 99.6
mel 90.8 87.5 87.7 87.5 97.2
nv 93.7 93.8 94.4 88.2 91.9

average ratio 93.13 92.50 92.07 91.90 96.23

MobileNet produces the confusion matrix as shown in Figure 9 for the HAM10000
and PH2 datasets. First, for the HAM10000 dataset, MobileNet achieved accuracy for each
class as follows: 87.7% for akiec class, 89.3% for bcc class, 93.6% for bkl class, 91.3% for df
class, 96.9% for mel class, 91.5% for nv class and 71.4% for vasc class. Secondly, for the PH2
data set, MobileNet achieved accuracy for each class as follows: 87.5% for atypical class,
100% for nv class and 87.5% for mel class.

ResNet101 produces the confusion matrix as shown in Figure 10 for the two datasets
HAM10000 and PH2. First, for the HAM10000 dataset, ResNet101 achieved accuracy for
each class as follows: 93.8% for akiec class, 92.2% for bcc class, 93.2% for bkl class, 91.3%
for df class, 93.3% for mel class, 91.1% for nv class and 71.4% for vasc class. Secondly, for
the PH2 data set, ResNet101 achieved accuracy for each class as follows: 93.8% for atypical
class of, 87.5% for nv class and 93.8% for mel class.
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4.5. Results of SVM Based on CNN Features

This section discusses the performance of the SVM-CNN technique for classifying skin
lesion images for the two datasets, HAM10000 and PH2. This technique consists of two
parts; firstly, the CNN models (MobileNet and ResNet101), whose task is to extract features
and then select important features through PCA. The second part is SVM classifier that
receives the selected features and distributes them into 80% for classifier training and 20%
for classifier performance testing.

The hybrid technique yielded good results for the classification of skin lesions for
the HAM10000 and PH2 datasets, as shown in Table 5. The SVM based on MobileNet
features achieved slightly better results than its performance with ResNet101 features. First,
for the HAM10000 dataset, SVM-MobileNet reached an AUC of 92.57%, accuracy of 95%,
sensitivity of 86.17%, precision of 84.41% and specificity of 99.01%. Secondly, for the PH2
data set, SVM-MobileNet gave an AUC of 96.50%, accuracy of 95%, sensitivity of 95.77%,
precision of 94.33% and specificity of 97.70%.

Table 5. Performance of SVM with MobileNet features for dermoscopic image analysis to classify
HAM10000 and PH2 dataset skin lesions.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 92.1 84.6 85.4 87.3 99.5
bcc 97.6 91.3 90.8 93.1 99.6
bkl 98.2 93.6 93.7 90.4 98.7
df 76.4 65.2 65.4 34.9 99.2

mel 96.4 89.7 90.3 95.2 99.1
nv 99.1 97.8 98.2 98.3 97.4

vasc 88.2 78.6 79.4 91.7 99.6

average ratio 92.57 95.00 86.17 84.41 99.01

PH
2

atypical 95.6 87.5 88.1 100 99.5
mel 96.1 100 99.7 88.9 97.2
nv 97.8 100 99.5 94.1 96.4

average ratio 96.50 95.00 95.77 94.33 97.70

In contrast, the performance of SVM-ResNet101 is shown in Table 6. First, for the
HAM10000 dataset, SVM-ResNet101 reached an AUC of 90.06%, accuracy of 94.80%,
sensitivity of 85.56%, precision of 85.21% and specificity of 98.80%. Secondly, for the PH2
data set, SVM-ResNet101 gave an AUC of 95.70%, accuracy of 95%, sensitivity of 94.07%,
precision of 95.97% and specificity of 97.20%.

Table 6. Performance of SVM with ResNet101 features for dermoscopic image analysis to classify
HAM10000 and PH2 dataset skin lesions.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 84.2 80 80.4 77.6 99.2
bcc 87.5 86.4 85.6 83.2 98.8
bkl 94.3 95.5 94.7 88.6 97.9
df 91.2 87 87.2 90.9 99.5

mel 89.4 85.2 85.1 91.8 99.3
nv 97.6 98.4 97.7 98.9 98.1

vasc 86.2 67.9 68.2 65.5 98.8

average ratio 90.06 94.80 85.56 85.21 98.80

PH
2

atypical 98.1 100 99.7 94.1 96.2
mel 93.5 87.5 88.4 100 99.6
nv 95.5 93.8 94.1 93.8 95.8

average ratio 95.70 95.00 94.07 95.97 97.20

The SVM-MobileNet produced the confusion matrix as shown in Figure 11 for the
HAM10000 and PH2 datasets. First, for the HAM10000 dataset, SVM-MobileNet achieved
accuracy for each class as follows: 84.6% for akiec class, 91.3% for bcc class, 93.6% for bkl
class, 65.2% for df class, 89.7% for mel class, 97.8% for nv class and 78.6% for vasc class.
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Secondly, for the PH2 data set, the SVM-MobileNet showed accuracy for each class as
follows: 87.5% for atypical class, 100% for nv class and 100% for mel class.
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The SVM-ResNet101 technique produced the confusion matrix as shown in Figure 12
for the two datasets HAM10000 and PH2. First, for the HAM10000 dataset, SVM-ResNet101
achieved accuracy for each class as follows: 80%for akiec class, 86.4% for bcc class, 95.5%
for bkl class, 87% for df class, 85.2% for mel class, 98.4% for nv class and 67.9% for vasc
class. Secondly, for the PH2 data set, SVM- ResNet101 gave accuracy for each class as
follows: 100% for atypical class, 87.5% for nv class and 93.8% for mel class.
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Here are the results of the hybrid technique based on combining features of the
MobileNet and ResNet101 models. Due to the similarity of skin lesions in their early stages,
this technique focused on integrating features of the MobileNet and ResNet101 models and
then classification using SVM. This technique yielded good results for the classification
of dermoscopic images for the HAM10000 and PH2 datasets, as shown in Table 7. First,
for the HAM10000 dataset, SVM-MobileNet-ResNet101 gave an AUC of 98.69%, accuracy
of 97%, sensitivity of 91.3%, precision of 91.16% and specificity of 99.26%. Secondly, for
the PH2 data set, SVM-MobileNet-ResNet101 gave an AUC of 97.97%, accuracy of 97.5%,
sensitivity of 97.87%, precision of 98.03% and specificity of 98.57%.

Table 7. Performance of SVM with fused features of MobileNet and ResNet101 for dermoscopic
image analysis to classify HAM10000 and PH2 dataset skin lesions.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 98.4 90.8 90.5 89.4 99.5
bcc 99.1 91.3 91.2 89.5 99.1
bkl 98.4 96.4 95.8 96.8 99.5
df 98.6 87 87.3 87 99.7

mel 98.1 93.3 93.2 94.4 98.8
nv 98.9 98.9 98.7 98.9 98.6

vasc 99.3 82.1 82.4 82.1 99.6

average ratio 98.69 97.00 91.30 91.16 99.26

PH
2

atypical 97.6 93.8 94.3 100 99.8
mel 98.4 100 99.5 100 99.5
nv 97.9 100 99.8 94.1 96.4

average ratio 97.97 97.50 97.87 98.03 98.57

The SVM-MobileNet-ResNet101 technique produced the confusion matrix as shown
in Figure 13 for the HAM10000 and PH2 datasets. First, for the HAM10000 dataset, the
SVM-MobileNet-ResNet101 technique achieved accuracy for each class as follows: 90.8%
for akiec class, 91.3% for bcc class, 96.4% for bkl class, 87% for df class, 93.3% for mel
class, 98.9% for nv class and 82.1% for vasc class. Secondly, for the PH2 data set, the
SVM-MobileNet-ResNet101 technique reached accuracy for each class as follows: 93.8% for
atypical class, 100% for nv class and 100% for mel class.
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4.6. Results of ANN with Hybrid Features of CNN and Handcrafted

This section discusses the performance of a hybrid technique for image classification
of skin lesions for the two datasets, HAM10000 and PH2, based on extracting features from
CNN models and fusing them with handcrafted features and classification by ANN. After
extracting the features of the CNN, its dimensions are high, and thus it was inputted into
the PCA method to select the most important features and then the features were fused
with the handcrafted features. The ANN receives the hybrid features and distributes them
to 80% for training and 20% for system performance measurement.

This technique achieved superior results for the classification of dermoscopic images
of the HAM10000 and PH2 datasets of skin lesions, as shown in Table 8. The ANN based
on hybrid features of MobileNet and handcrafted achieved slightly better results than its
performance with hybrid features of ResNet101 and handcrafted features. First, for the
HAM10000 dataset, the ANN with fused features of MobileNet-handcrafted gave an AUC
of 97.53%, accuracy of 98.4%, sensitivity of 94.46%, precision of 93.44% and specificity of
99.43%. Second, for the PH2 dataset, ANN with fused features of MobileNet-handcrafted
gave an AUC of 100%, accuracy of 100%, sensitivity of 100%, precision of 100% and
specificity of 100%.

Table 8. Performance of ANN with fused features of MobileNet and handcrafted for dermoscopic
image analysis to classify HAM10000 and PH2 dataset skin lesions.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 96.7 90.8 91.2 95.2 99.5
bcc 98.2 95.1 94.6 96.1 99.6
bkl 96.6 97.3 96.7 98.2 99.5
df 98.2 100 99.5 95.8 99.7

mel 99.3 98.7 98.7 97.3 99.6
nv 99.5 99.5 98.1 99.6 98.7

vasc 94.2 82.1 82.4 71.9 99.4

average ratio 97.53 98.40 94.46 93.44 99.43

PH
2

atypical 100 100 100 100 100
mel 100 100 100 100 100
nv 100 100 100 100 100

average ratio 100.00 100.00 100.00 100.00 100.00

In contrast, the performance of ANN with hybrid features of ResNet101 and hand-
crafted are shown in Table 9. First, for the HAM10000 dataset, the ANN with fused features
of ResNet101-handcrafted gave an AUC of 99.11%, accuracy of 97.60%, sensitivity of 92%,
precision of 93.01% and specificity of 99.46%. Second, for the PH2 dataset, ANN with fused
features of ResNet101-handcrafted gave an AUC of 99.53%, accuracy of 97.50%, sensitivity
of 97.90%, precision of 96.30% and specificity of 98.93%.

Table 9. Performance of ANN with fused features of ResNet101 and handcrafted for dermoscopic
image analysis to classify HAM10000 and PH2 dataset skin lesions.

Dataset Type of Class AUC % Accuracy % Sensitivity % Precision % Specificity %

H
A

M
10

00
0

akiec 99.1 89.2 89.2 90.6 99.6
bcc 99.6 91.3 91.4 92.2 99.5
bkl 98.7 96.4 96.2 97.2 99.7
df 99.4 87 87.4 87 100

mel 98.7 94.2 93.8 96.3 99.5
nv 98.9 99.6 99.5 98.9 98.2

vasc 99.4 85.7 86.5 88.9 99.7

average ratio 99.11 97.60 92.00 93.01 99.46

PH
2

atypical 99.5 100 99.7 100 99.9
mel 99.7 100 99.6 88.9 97.4
nv 99.4 93.8 94.4 100 99.5

average ratio 99.53 97.50 97.90 96.30 98.93
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The ANN with hybrid features of MobileNet and handcrafted produced the confusion
matrix as shown in Figure 14 for the HAM10000 and PH2 datasets. First, for the HAM10000
dataset, ANN achieved accuracy for each class as follows: 90.8% for akiec class, 95.1% for
bcc class, 97.3% for bkl class, 100% for df class, 98.7% for mel class, 99.5% for nv class and
82.1% for vasc class. Secondly, for the PH2 data set, ANN gave accuracy for each class as
follows: 100% for atypical class, 100% for nv class and 100% for mel class.
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The ANN with hybrid features of ResNet101 and handcrafted produced the confusion
matrix as shown in Figure 15 for the HAM10000 and PH2 datasets. First, for the HAM10000
dataset, ANN gave an accuracy for each class as follows: 89.2% for akiec class, 91.3% for
bcc class, 96.4% for bkl class, 87% for df class, 94.2% for mel class, 99.6% for nv and 85.7%
for vasc class. Secondly, for the PH2 data set, ANN gave accuracy for each class as follows:
100% for atypical class, 100% for nv class and 93.8% for mel class.

This section also summarizes some ANN evaluation tools for dermoscopic image
analysis to classify the two datasets of skin lesions, HAM10000 and PH2.

Gradient and validation check one of the ANN measurements when analyzing der-
moscopic images to classify two datasets, HAM10000 and PH2, for skin lesions. The tool
examines the cases of samples that failed during each epoch. The Failure and Gradient
values for the HAM10000 and PH2 datasets are in Table 10.

Table 10. ANN performance measures for classification of the HAM10000 and PH2 datasets for
skin lesions.

Datasets Radiomic Features Gradient and
Validation Check Cross-Entropy Error Histogram Regression%

HAM10000

MobileNet with
handcrafted 0.0065521 at epoch 47 0.049723 at epoch 41 −0.9382 to 0.9502 98.11

ResNet101 with
handcrafted 0.009407 at epoch 44 0.057363 to epoch 38 −0.9498 to 0.9499 97.88

PH2

MobileNet with
handcrafted 0.00090003 at epoch 46 0.02453 at epoch 40 −0.9062 to 0.9067 95

ResNet101 with
handcrafted 0.026715 at epoch 23 0.015564 to epoch 17 −0.9363 to 0.9387 97.04
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Figure 15. Confusion matrix for the classification of two skin lesion datasets by ANN with fused
features of ResNet101 and handcrafted through datasets of (a) HAM10000 and (b). PH2.

Cross-entropy is an ANN measure when analyzing dermoscopic images to classify
two datasets, HAM10000 and PH2, for skin lesions. The tool checks for the minimum error
between the actual and expected values during each epoch and at each stage of the system
evaluation of the training, validation and test data. In Table 10, the best performance of
ANN is shown based on fused features of CNN and handcrafted.

Error histogram is one of the ANN measurements when analyzing dermoscopic
images to classify the two datasets of skin lesions, HAM and PH2. The tool checks for
the minimum error between actual and expected values based on instances during each
epoch and at each stage of the system evaluation of training, validation and test data [36].
Table 10 shows the best performance of the ANN based on the fused features of CNN
and handcrafted.

Regression is one of the measures of ANN when analyzing dermoscopic images to
classify two datasets, HAM10000 and PH2, of skin lesions. The tool calculates continuous
values (output) based on other values (target) during each stage of system evaluation
of training, validation and test data [37]. Table 10 shows the average value of the ANN
regression based on the fused features of CNN and handcrafted.

5. Discussion the Results of the Systems

Skin lesions are chronic and serious diseases that threaten people’s lives. There is a
high rate of recovery of serious skin lesions, such as melanoma, if diagnosed early; on the
other hand, it leads to death if not recognized early [38]. The characteristics of skin lesions
are similar, so it is difficult to identify them in their early stages. Here, several hybrid
methods have been developed to analyze images of skin lesions for early diagnosis [39].
Due to artifacts in the dermoscopic images, the images were enhanced with the same
optimization methods for all techniques. A data augmentation technique was applied to
all methods to solve the problem of overfitting and imbalance of two datasets, HAM10000
and PH2.

The first strategy of dermoscopic image analysis is to classify two datasets of skin
lesions, HAM10000 and PH2, using pre-trained MobileNet and ResNet101 models. The
second strategy is to classify skin lesions for two datasets, HAM10000 and PH2, using a
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hybrid technique between CNN models (MobileNet and ResNet101) and an SVM classifier.
The task of the MobileNet and ResNet101 models is to extract features with high accuracy
and enter them into PCA to select important features. The selected features are fed into
the SVM classifier for classification with high accuracy. To increase system efficiency,
features of MobileNet and ResNet10 are integrated and fed into the SVM for high-accuracy
classification. The third strategy to classify skin lesions using a hybrid technique based
on fused features of CNN and handcrafted. Two datasets, HAM10000 and PH2, were
classified by ANN with fused features for MobileNet and ResNet101 separately with
handcrafted features.

Table 11 and Figure 16 summarize the results of the system’s classification of the two
datasets, HAM10000 and PH2, for skin lesions. First, for the HAM10000 dataset, the best
accuracy for each class was with the ResNet101, where it achieved the best class classifi-
cation accuracy within the akiec class (93.8%). ANN with hybrid features of MobileNet
and handcrafted achieved the best classification accuracy for bcc, bkl, df and mel classes of
95.1%, 97.5%, 100% and 98.7%, respectively. ANN, with hybrid features of ResNet101 and
handcrafted, achieved the best classification accuracy for nv and vasc classes of 99.6% and
85.7%, respectively.
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Secondly, in the PH2 data set, with hybrid features of MobileNet and handcrafted, the
ANN achieved the best classification accuracy for mel, nv and atypical classes of 100% for
each class.
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Table 11. Results of systems classification for the two datasets for skin lesions, HAM10000 and PH2.

Datasets Techniques Features akiec bcc Bkl df mel nv vasc Atypical Accuracy %

H
A

M
10

00
0

MobileNet 87.7 89.3 93.6 91.3 96.9 91.5 71.5 91.8
ResNet-101 93.8 92.2 93.2 91.3 93.3 91.3 71.4 - 91.4

SV
M

MobileNet-PCA 84.6 91.3 93.6 65.2 89.7 97.8 78.6 - 95
ResNet101-PCA 80 86.4 95.5 87 85.2 98.4 67.9 - 94.8

Fusion
features

MobileNet with
ResNet-101 90.8 91.3 96.4 87 93.3 98.9 82.1 - 97

A
N

N Fusion
features

MobileNet and
handcrafted 90.8 95.1 97.5 100 98.7 99.5 82.1 - 98.4

ResNet-101 and
handcrafted 89.2 91.3 96.4 87 94.2 99.6 85.7 - 97.6

PH
2

MobileNet - - - - 100 87.5 87.5 90
ResNet-101 - - - - 87.5 93.8 - 93.8 92.5

SV
M

MobileNet-PCA - - - - 100 100 - 87.5 95
ResNet101-PCA - - - - 87.5 93.8 - 100 95

Fusion
features

MobileNet with
ResNet-101 - - - - 100 100 - 93.8 97.5

A
N

N Fusion
features

MobileNet and
handcrafted - - - - 100 100 - 100 100

ResNet-101 and
handcrafted - - - - 100 93.8 - 100 97.5
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6. Conclusions

Melanoma is one of the deadliest diseases and leads to death if it is diagnosed in the
late stages. There are many applications based on artificial intelligence to help doctors
in the early detection of skin lesions. This study aimed to achieve satisfactory results for
diagnosing skin lesions, including melanoma, through hybrid techniques based on hybrid
features. Due to the imbalance of dataset classes, the challenge of balancing dataset classes
has been solved. The first technique is to diagnose skin lesions by pre-trained MobileNet
and ResNet101 models. The second technique for diagnosing skin lesions uses a hybrid
technique, namely, SVM-MobileNet, SVM-ResNet101 and SVM-MobileNet-ResNet101,
which achieved satisfactory results. The third technique is the novelty of this study, in which
skin lesions were discovered and distinguished into classes by integrating the features of
MobileNet and Handcrafted, and the features of ResNet101 and Handcrafted, and then
feeding them to the ANN network for classification. With MobileNet and Handcrafted
features, ANN achieved an AUC of 97.53%, accuracy of 98.4%, sensitivity of 94.46%,
precision of 93.44% and specificity of 99.43%.
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