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Abstract

Cancer is one of the leading causes of deaths in the last two decades. It is either diagnosed malignant or benign — depending upon the
severity of the infection and the current stage. The conventional methods require a detailed physical inspection by an expert derma-
tologist, which is time-consuming and imprecise. Therefore, several computer vision methods are introduced lately, which are cost-
effective and somewhat accurate. In this work, we propose a new automated approach for skin lesion detection and recognition using a
deep convolutional neural network (DCNN). The proposed cascaded design incorporates three fundamental steps including; a) contrast
enhancement through fast local Laplacian filtering (FILpF) along HSV color transformation; b) lesion boundary extraction using color
CNN approach by following XOR operation; c) in-depth features extraction by applying transfer learning using Inception V3 model
prior to feature fusion using hamming distance (HD) approach. An entropy controlled feature selection method is also introduced for
the selection of the most discriminant features. The proposed method is tested on PH2 and ISIC 2017 datasets, whereas the recognition
phase is validated on PH2, ISBI 2016, and ISBI 2017 datasets. From the results, it is concluded that the proposed method outperforms
several existing methods and attained accuracy 98.4% on PH2 dataset, 95.1% on ISBI dataset and 94.8% on ISBI 2017 dataset.
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Introduction diagnosed cancers cases and the incidence rate continues

to rise worldwide. The factors of increase rest in ozone
The studies of the World Health Organization (WHO)  layer reduction which is responsible for the protection
assess that skin cancer has a share of one-third of all  against ultraviolet radiations. Skin cancer has two types:
melanoma and non-melanoma. More than 87,000 mela-
nomas and over five million non-melanoma cases are
Highlights diagnosed each year only in the US [1]. Melanoma is

* This research presents a novel approach for microscopic skin lesion th ¢ d ¢ £ ski d beoins i
boundary extraction and lesion recognition through Deep Neural Network. ¢ most dangerous type Ol sKin cancer an cgIns 1n

 Distinction features are selected through clustering controlled entropy ~ Pigment cells. Approximately 75% of deaths related to
approach and classified through MLP. skin cancer occurred due to malignant lesions [2].

Doctors in the clinics use some advanced and sophisti-

This article is part of the Topical Collection on Image & Signal

Processing cated treatment methods and tools, such as immunother-
apy and radiation therapy along with surgery clinical

><  Amjad Rehman tools. The five-year survival ratio of advanced stage
rkamjad @ gmail.com cases is still below than 15%, whereas the survival rate

for early-stage cases is over 95% [3]. This difference
identifies that the patient survival rate highly depends
on the timely detection and treatment of melanoma.
Therefore, the primary goal is to diagnose melanoma
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magnifier tool, an illuminated and magnified image ac-
quires which provides better visualization of the pigment
structure of the lesion [6]. It improves the diagnostic rate
significantly compared to the examination with a naked
eye. Moreover, it has been showed that dermoscopy has a
detection accuracy reaching approximately 75% [7]. The
doctors used a few well-known diagnostics tools in the
clinics such as ABCDE rule, seven-point checklist, optical
techniques such as laser and few more. However, the
manual interpretation of dermoscopic images is time-
consuming and subject of dermatologist experience and
clinical training. Besides, an experienced dermatologist
may produce an error during the diagnostic process [8].
Therefore, a computerized based diagnostic and analysis
methods are required will assist the dermatologist for fast
detection and to improve the detection accuracy. The re-
searchers’ community from the field of image processing
and machine learning (ML) put great efforts in the devel-
opment of automated based melanoma diagnostic tools
referred to as computer-aided diagnosis (CAD) systems.
These methods overcome the issues of traditional
dermoscopy techniques [9].

The performance of ML in the area of medical image
analysis has shown significant outputs in the detection,
diagnosis, and analysis of medical objects [10—13]. For
example, skin lesions are complex and difficult to predict
precisely while using a simple design [14]. Through these
ML designs, the objects like lesions are categorized into
their relevant classes such as melanoma, basal cell carci-
noma, and benign. These models are based on the feature
based ML design which is harder for a massive number of
images dataset [15]. Lately, the emergence of deep learn-
ing in the area of ML has given a higher performance in
medical imaging. The DL based on the classification pro-
cess is also known as image-based ML because the im-
ages are directly put to the DL design as input. The deep
learning methods are highly useful when the number of
training inputs is large [16].

Problem statement and contributions

The computerized based melanoma detection and recogni-
tion is still a very challenging task. Few of major general
issues are similar colors of healthy and skin lesions, change
in lesion shapes, texture, change among normal and skin
lesion, and presence of a lesion on the boundary areas.
Some other artifacts such as illumination, veins, hairs, air
bubbles, color calibration marks, and many more affect the
segmentation and reduce the feature extraction accuracy
[17]. By using deep learning, the researchers mostly faced
the problems of irrelevant features which reduce the recog-
nition accuracy of the designed DL model. In this work, we
design a new heterogeneous model for skin lesion
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detection and classification through enhancing color
convolutional network (ECCN) and fusion of fully con-
nected and average pool layers of inception v3 Deep
CNN model. Our major contributions are:

1) Inthe preprocessing phase, an augmentation is performed
in the initial step for an equal length of all classes of
cancer types. Then, enhancing the images through fast
local Laplacian filtering (FILpF) along with HSV color
transformation defined by (FILpFaHSV) for the next
process.

2) The enhanced HSV transformed data is utilized for
the segmentation process, in which the color labels
are assigned (Pink and Yellow). The yellow color de-
picts healthy pixels, whereas the Pink color describes
lesion pixels. Through color labels, the sample is split
into 60% for training the deep CNN model and 40%
for testing the segmentation effects. Additionally, the
thresholding and morphological operations are uti-
lized for the retrieval of a binary image.

3) The deep CNN features are extracted through FC and AP
layers of Inception V3 pre-trained model, then the fea-
tures are mapped to the selected dermoscopy dataset
through fine-tuning. The extracted FC and AP layer fea-
tures are fused through Hamming distance.

4) The fused CNN features are divided into two clusters
based on the mean threshold value and the computed
entropy value. Then, the posterior probability values
are computed for each cluster. After that, the initial
probability values are updated until the error rate is
close to zero. This process almost reduces the features
number by 60%. Finally, concatenate both cluster fea-
tures after clustering controlled entropy (CcE) is per-
formed and then apply one of the famous classifica-
tion methods such as SVM, K-Nearest Neighbor, and
neural network (NN).

The rest of the paper is organized into four main sections.
Section “Related work™ presents the recent state of the art.
Section “Proposed methodology” exhibits the proposed meth-
odology. Section “Experimental results and discussion” ad-
dresses the results and discussion. Finally, section
“Conclusion” concludes the research.

Related work

In the last two decades, different computer-based systems
have been developed to solve the challenges related to
melanoma segmentation and recognition. Four primary
steps are performed in any computerized method such as
1) preprocessing, ii) lesion boundary detection, iii) feature
extraction and selection, and iv) classification. The
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preprocessing step is performed to increase the quality of
images and removes some artifacts like hairs, air bubbles,
illumination, and poor contrast which may complicate the
next step. As a matter of fact it is the main requirement.
Many approaches have been utilized for removing these
challenges such as software-based hair removal, morpho-
logical operation bases removal, filtering, contrast
stretching, masking, and few more. Lee et al. [18] present-
ed a software-based hair removal method referred to as
DullRazor using morphological operations. Kiani et al.
[19] improves the DullRazor method and make it capable
of removing both thick and light hairs from dermoscopic
images. [20] proposed a method for illumination correc-
tion from lesion images by using polynomial curve fitting
and bilateral decomposition. Most recently, Nasir et al. [4,
5] utilized texture and color information of lesion for con-
trast enhancement. Lesion Segmentation is the second
most important step for lesion segmentation. The prosper-
ity of these analysis systems is highly dependent on the
reliability and robustness of the segmentation step. It is
complicated to develop an accurate and efficient segmen-
tation algorithm by considering different sizes, shapes,
color, and texture of lesions as well as different types of
skins. To conquer these problems, different approaches
are used in theliterature. These approaches are based on
region which use region growing techniques [21], cluster-
ing methods which differentiate the lesion pixels from
healthy skin pixels and homogeneous areas [22],
thresholding techniques [22], and active contours ap-
proaches which iteratively detect the lesion border [23].
Feature extraction step is involved in the extraction of
essential features which correctly describe the current
problem. After that, the selection of efficient one is re-
quired for reducing the computational complexity and in-
crease the overall system accuracy. Color, shape, and tex-
ture features are the most widely used features for lesion
detection [24]. Sadeghi et al. [25] explain the importance
of irregular patterns in the lesion for diagnosis process.
However, these features do not perform well for a large
number of training samples. These irregular patterns in-
clude color and texture features. Satheesha et al. [26] ex-
tract shape (2D, 3D), texture, and color features of the
lesion and select the most appropriate features by using
heuristic approach. The importance of color features in
the classification process is presented in [27]. A clustering
based method is used to extract color features. Moreover,
automated segmentation of skin lesions through CNN has
given a significant performance compared to recent well-
known techniques like thresholding, etc. Philip et al. [28]
described an encoder weighted based approach for lesion
segmentation. They utilized ResNet-34 approach along
with ISIC2017 dataset. Mahbod et al. [29] designed an
ensemble CNN approach for skin lesion segmentation.

In the developed approach, intra and inter architectures
are merged for features abstraction levels and each archi-
tecture consists of multiple pre-trained CNN networks and
fine-tuned on given dermoscopy images. Finally, the ex-
tracted features through fine-tuning are fed to SVM for
classification. The experiments are performed on
ISIC2017. The obtained results outperformed the top-
ranked techniques. Pedro et al. [30] extracted structural
co-occurrences matrices (SCM) for textural features ex-
traction from dermoscopic images. These extracted fea-
tures have powerful discrimination compared to other tex-
tural features. The evaluation is performed on ISIC 2016
and 2017 datasets and reached a specificity of more than
90%. The extracted features are mostly classified through
supervised learning algorithms based on their pros and
cons. SVM classifier is the most commonly used in com-
puterized lesion classification. Other widely used classi-
fiers in the literature include decision trees, k-nearest
neighbor, artificial neural networks (ANN), and linear dis-
criminate analysis (LDA) [31, 32].

Proposed methodology

The proposed lesion segmentation and recognition system
are based on the contrast-enhanced deep CNN design
which comprises three primary steps: (a) data augmenta-
tion and contrast-enhanced for lesion visibility, (b) color
value based lesion identification and lesion boundary ex-
traction, and (¢) DCNN features extraction, fusion, and
selection for recognition. Flow architecture of the pro-
posed system is shown in Fig. 1.

Dataset augmentation & contrast enhancement

In medical imaging, the problem of imbalance classes
affects the accuracy of the system. Therefore, it is essen-
tial to resolve the imbalance issue through the rotation,
filtering, and a few other techniques [33]. Nowadays, in
medical imaging, skin cancer is a very hot topic in re-
search, but the availability of datasets in this area is a
challenge for researchers. The available datasets include
a vast difference between the number of images in each
class. For example, PH2 dataset includes a total of 200
images divided into40images in melanoma class, 80im-
ages in common nevi class, and 80 images in atypical
nevi class. The melanoma class has half the number of
images containing in the other two classes which causes
degradation of the recognition accuracy. In this work, we
rotate the images into 4 different angles (450, 60°, 135°,
270%) for the principle of data augmentation. This process
is performed only in the training phase.
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Fig. 1 Proposed workflow of stomach infection segmentation and recognition

Following, the augmentation step, color enhancement
is performed through the fast local Laplacian filtering

B

(FILpF) along with the HSV color transformation. This
approach processes through two steps. Initially, the

Fig. 2 Proposed FILpFaHSV enhancement effects. The first row represents original images, second row shows the FILpF effects, and bottom row
demonstrate the effects after HSV transformation
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(d) (e) ()

Fig. 3 XOR operation effects on sample images. a Enhanced image, b XOR operation, ¢ selection of first channel after XOR operation, d selection of
lesion part for identifying their pixels, e histogram of first channel of XOR image, and f selection range of 110-460 for lesion pixels

FILpF approach is implemented through the following  denotes the laplacian pyramid (LP) which constructs co-
formulation: efficients, where each constructed coefficient is indepen-

Let have the input image / of dimensions 512 x 512 at  dent to other coefficients. At the initial stage, the simple
position(x, y). Let ¢ denotes the results output image of  pixel wise filtering is performed on the original imagel,
dimension 512 x 512 at position(x, y). Let {{z[ox ]} then compute LP through a transformed image. Through

L
-
®

(a) (e)

Fig. 4 Proposed segmentation effects through previous pixels color information. a Original image, b CNN labeled image, ¢ thresholding, d refinement,
and e mapped RGB
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Fig. 5 Proposed boundary extraction effects. a Orlgmal image, b proposed segmented, ¢ ground truth, and d boundary detection

LP, the laplacian coefficient §LZ[<px, yJis computed at level
! and position(x, y). This process is repeated for all coef-
ficients [34].

After computing the resultant ELl[ng, yJimage, the HSV
transformation is applied. Through HSV transformation, the

Grid Size Reduction
(with some modifications)

Input: $99x299x3, Output:8x8x2048
)

5x Inception Module A ]

4x Inception Module B f,,,

highlighted edges of the lesion parts are further improved. The
mathematical formulation of HSV is represented by &xsy
andthe formulation is done through Eq. (1-3).

€y = 60° x &,y (1)

Grid Size Reduction

2% Inception Module C

o

\ X

>{><>£}¢

A

\ e e

[(\
Convolution Input 2 Output
AvgPool 299x299x3 y/ 8x8x2048
MaxPool Z / Final part:8x8x2048 -> 1001
== Concat o ogn
w=  Dropout - Auxiliary Classifier

Fully connected
&= Softmax

Fig. 6 Architecture of Inception V3 framework
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Where, V=M, M =max(éz, &g, £p), C is a constant value
which is defined through the difference of the maximum and
the minimum image pixels information as C =M —m, and
m=min(&g, &g, ). Theér, &, and &g represent the red, green,
and blue channels of the transformed image le[apX, y]. The
sample resultant images are shown in Fig. 2, which are later
utilized for lesion identification.

Boundary extraction

The boundary extraction of skin lesion is an essential and
challenging task in the area of computer vision. In general,
the boundary extraction phase consists of two steps including
lesion segmentation and identification. Before performing the

boundary extraction, it is essential to find out the lesion from
the input image. In the literature, various types of techniques
are introduced for lesion segmentation and boundary extrac-
tion. The most famous methods are thresholding based lesion
extraction [35], region growing based lesion segmentation
[36], CNN based segmentation [37], and few more [38, 39].
From all, the deep learning based segmentation techniques are
well accurate in terms of automation and efficiency.

In this work, we proposed a new deep neural network
(DCNN) approach for skin lesion segmentation and later
identification. In the proposed approach, initially, we di-
vide the dataset into training and testing. Both training
and testing samples include both original and their ground
truth images. The stepwise formulation of this process is
defined as follows:

Let, T} denotes training and testing images set, 7, denotes
their corresponding labels set, then before further processing,
we perform XOR operation on the enhanced image &5 and
FILpF image &’ for range selection of lesion pixels. The XOR
operation is defined as:

&1 ()0 sy () = (&' DNy ()0 (1€ DNEsy (1) (4)
= (&(DVusy (D) N (1 (DNEsy () (5)
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Fig. 8 Proposed labeled results. a Original dermoscopy image, b proposed labeled image

Where u denotes union operation, N denotes intersection
operation, and ! explains not operation. The effects of XOR
operation are shown in Fig. 3. In Fig. 3c, the first channel
of XOR image is extracted and later select the most nearly
lesion pixel points. The probability is computed to find out
the exact lesion pixel values that later utilized for training
the CNN model. Through the probability value, it is clearly
showed that the pixels in range of 0-0.4 are best
representing the lesion pixels, while pixels greater than this
range represent background or healthy regions, as shown
in Fig. 3f. The maximum pixel value is selected 0.4 using
trial and error method.

These lesion and healthy pixels are defined into two sepa-
rate classes denoted by Ajand A,, respectively. Then, load
VGG19 pre-trained CNN model. Through fine-tuning, train
the model using lesion and healthy region pixel values. The

@ Springer

few of essential parameters are also defined like padding
mode is manual, pooling size is 2 x 2, a number of max epochs
are 200, Min Batch Size is 64, and the learning rate is 0.2.
After that, the activation is performed through the following
loss function:

1
N,‘XMj

[yi,jlnp (W|§i,j) =+ (l_yi,j> ln(l_l’ (W|5i,j) )}

Where, y; ; denotes class labels ((y;, ;) € {pink, yellow})
and &; ; are actual pixels of the image. After
performing this activation function, anOtsu threshold
operation is performed and later refined through mor-
phological operations such as closing, filling, and area
removal [40] as shown in Fig. 4.

Fe= Zi,j (6)
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LEX 1S

57 ey T 2

Fig. 9 Samples dermoscopy images

Moreover, the boundary extraction is done through the =~ Where, {5z(i) denotes the ground truth image pixels and
comparison of the proposed segmented and the ground truth  &z(j) denotes the proposed refined segmented image.
image, as shown in Fig. 5. The comparison among the ground
truth image and the proposed segmented image is defined ~ DCNN features and recognition
through Eq. (7).
In the area of machine learning (ML), the performance of
} . a system is dependent on the extraction of most strong
[€6r () N&r6 ()] (7)  kind features [41-45]. In medical imaging, mostly color,

Epalis ) = 1- - - - -
1€ar ()] + 1€rc ()= 1€6r () NERG ()] texture, and shape features are used for the classification

Table 1 Segmentation accuracy
for ISIC 2017 dataset using Image No Accuracy (%) Negative rate (%) Image No Accuracy (%) Negative rate (%)

testing data; (* denotes the overall

segmentation accuracy of all 1 98.25 1.75 16 88.47 11.53

training images) 2 96.56 3.44 17 88.91 11.09
3 96.12 3.88 18 89.17 10.83
4 94.27 573 19 89.92 10.08
5 95.95 4.05 20 90.62 9.38
6 95.89 411 21 9291 7.09
7 95.14 4.86 22 92.98 7.02
8 97.94 2.06 23 91.67 8.33
9 97.61 239 24 91.88 8.12
10 97.29 271 25 93.79 6.21
11 96.80 32 26 92.35 7.65
12 96.42 3.58 27 91.51 8.49
13 96.91 3.09 28 94.34 5.66
14 96.97 3.03 29 94.66 534
15 96.56 3.44 30 94.80 52
*Qverall Average 94.78 522

@ Springer
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Table 2 Segmentation accuracy

for PH2 dataset using testing data; Image No Accuracy (%) Negative rate (%) Image No Accuracy (%) Negative rate (%)

(** denotes the overall

segmentation accuracy of all 1 98.11 1.89 11 94.01 5.99

training images) 2 98.19 1.81 12 94.19 5.81
3 98.71 1.29 13 94.89 5.11
4 98.75 1.25 14 94.99 5.01
5 98.80 12 15 97.56 2.44
6 98.88 1.12 16 97.11 2.89
7 96.59 341 17 97.89 2.11
8 96.41 3.59 18 97.90 2.1
9 96.11 3.89 19 97.95 2.05
10 94.12 5.88 20 97.98 2.02
*QOverall Average 95.41 4.59

process [46—50], but these techniques do not perform well
when the processed data is vast in number. Researchers
resolve this kind of problem through deep learning in the
area of ML [46, 51-53]. In this work, we utilized a pre-
trained inception V3 DCNN model based on its high
speed and best accuracy. The original architecture of
Inception V3 is shown in Fig. 6 [54].

Inception V3 CNN pre-trained model is introduced after
the modification of GoogleNet architecture. The base of
this model is replaced by 3 x 3 convolutions whereas the
previous GoogleNet has 5 x 5 convolutions. The resultant
network includes ten inception modules. The modules of
GoogleNet are changed by substituting the nxn convolu-
tions by 1 x 7 followed by a 1 x 1 which reduced the com-
putational time. The last two modules of GoogleNet are
replaced by 1 x 3 and 3 x 1 in parallel. Lastly, the original
7 x 7 convolutions of GoogleNet model are modified by
3 x 3 convolutions. Hence, in total 42 learnable layers are
included in Inception v3 CNN model.

Features are extracted through performing the activation on
FC and AP layers of Inception V3 model in parallel through
fine-tuning. This process includes two-step as training and

Table3  Comparison of proposed segmentation accuracy for ISIC 2017
and PH2 dataset

Method Dataset Year Accuracy (%)
[56] ISIC 2017 2019 94.08

[59] ISIC 2017 2018 85.40

[60] ISIC 2017 2018 83.90

[61] ISIC 2017 2019 93.80

[62] ISIC 2017 2017 91.00

[56] PH2 2019 95.30

[63] PH2 2017 94.24
Proposed ISIC 2017 2019 94.78
Proposed PH2 2019 95.41

@ Springer

testing. In the training phase, the input dataset is divided into
a 70:30 which explains that 70% of samples are utilized for
training the model and the remaining 30% for testing the pro-
posed system. The dimensions of the features extracted
through FC and AP layers are Nx1000 and Nx20148 respec-
tively. Later, the extracted features from both layers are fused
through the Hamming Distance (HD) approach as described
below.

Let X denotes the number of the extracted features repre-
sented as Fcand AP;. Let the values of the extracted features
are A= {x1,xp,...x,— 1}. Then A is representable according
to a bijection f: {c;, ¢;} <> A. We defined the distortion D(f,
¢, ¢;) under the bijectionfbetween two feature sets ¢;, ¢; € {R}"
as the normalized D, the distance of their corresponding fea-
tures.

D(f7ci7c./) = (8)
Where, ¢;, ¢c;e {R}" and R represent the real values of the
extracted features. Let Dy(x;, x;) be the HD between two fea-
ture sets cand ¢;, then the maximum distance between two
feature sets is assumed as follows:

DH(maXJ)(f7 C) = I}D(fv C’x) (9)

max
{c:Dy(cx)=

Then, the distance-1 distortion is defined under bijection f
as:

DH(maX’l)(f) _ n}a)}( D[_I(nmx.,l)(j"7 C)
ce{R}"

(10)
Where, Dy, ""** " defines the max distance features that re-
places the lower distance value feature at fusion place. The
size of the fused vector is N x 2048 denoted by 6F which later
is selected through anew implemented clustering controlled
entropy (CcE) approach. The visual representation of the fu-
sion process is shown in Fig. 7.
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Table 4  Proposed recognition results through HD based features fusion and CcE selection approach using PH2 dataset

Classifier Method Measures
CT ST Sen (%) Spec (%) Prec(%) F1 M (%) AUC Acc(%) FPR  Time (sec)
Trees v 77 75 77.3 77.15 085 77.1 0.117 16.80
v 78.75 76.5 78.0 78.37 0.86 78.1 0.11 429
DA LDA QDA Measures
v 98.15 98.3 98.1 98.13 098 982 0.01 15.64
v 91.67 98.5 92.7 92.18 096 91.7 0.04 4.04
SVM LSVM CSVM QSVM MGSVM Measures
v 97.67 97.5 97.7 97.68 099 979 0.01  7.29
v 91.70 98.5 92.7 92.2 097 918 0.05 9.16
v 973 98.5 97.3 97.3 099 974 0.02  5.30
v 90.67 92.0 90.7 90.68 0.96  90.6 0467 5.21
KNN FKNN MKNN Cosine Cubic WKNN Measures
v 96.5 99 97.0 96.75 098 974 0.013 4.882
v 94.75 98.5 96.0 95.37 099 958 0.023 4.04
v 94.0 97.0 95.0 94.49 099 948 0267 4.19
v 93.5 99 95.7 94.59 099 953 0.023 597
v 97.4 99.0 97.3 97.35 099 974 0.02  4.02
NN MLP 98.25 98.5 98.3 98.27 1.0 98.4 001 3.25
EBT Baggage tree 90.67 92.0 91.3 90.98 097 91.1 0.043 10.03

*The bold results of Neural Network show the best accuracy

The fusion process includes few drawbacks such as the
addition of irrelevant features, redundancy among fea-
tures, and few more. These kinds of problems make the
recognition process complex and time-consuming [55].
Few evolutionary algorithms are reported in state of art
using GA and PSO. However, these techniques are time-
consuming to optimize fitness function. Compared to
these techniques, the physics approaches like entropy
methods are fast and efficient on a large number of
datasets. In this work, we implemented a CcE approach
to select the best features. Mathematically, the CcE tech-
nique is represented in Eq. 11.

Let we have fused feature vector (FV) denoted by JF of
dimension N x 2048, where, N denotes the number of samples
that are used for training and testing process and 2048 denotes

Table 5  Verification for classification results of the neural network in
the form of CM
Cancer type Cancer type

Common Melanoma Benign
Common 100%
Melanoma 98% 2%
Benign 3% 97%

the length of fused features. We used K-Means clustering on
fused FV with k =2. As, we defined the clusters {C;, k=1, 2}.
Then, the posterior probability of the defined clusters is com-
puted as follows:

P(Ci[3 F) = P(SF|Cr)P(Cy) |P(OF)=P(0F |Ci)P(Cy) (11)

The cost function of K-Means clustering is defined as fol-
lows:
Tec, | Ci)’ /20] + (6F) (12)
After that, we computed the entropy of each cluster and
selected the highest value features through weights posterior

probability assignment. The entropy function of this work is
modified as:

PQFIC) = exp(WEn e, In(P(wi1C) ) (13)

Where, 1; denotes the expected outcome features, W is a
weight parameter which is formulated as W = %

Finally, top features are selected according to the values
that are higher than W. The selected features are finally clas-
sified through neural network (NN) [4]. The performance of
these results is compared with several other classification al-
gorithms like SVM, KNN, and few more [10—12]. The sample
results of the proposed workflow are shown in Fig. 8.
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Fig. 10 Presentation of PH2 dataset results in the form of ROC curves
Experimental results and discussion
Experimental Setup

The proposed skin lesion identification and recognition sys-
tem are evaluated on three publically dermoscopic datasets
including PH2, and ISBI series (2016 and 2017). The exper-
imental results are obtained in two steps. In the first step,
lesion identification is performed through the proposed
contrast-enhanced CNN along with the thresholding. The ex-
periments are achieved on PH2 and ISIC 2017 datasets. In the
second phase, the best-selected features are classified through
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different types of classifiers such as decision trees (DT), dis-
criminant analysis (LDA), support vector machine (SVM), k-
nearest neighbor (KNN), ensemble methods, and neural net-
work (NN). We utilized neural network in this work for its best
results and compared its performance with other state-of-the-
art classifiers. The classifiers mentioned above are utilized in
the classification phase. They also include a few advanced
techniques like simple trees, fine trees, cubic SVM, weighted
KNN, ensemble subspace discriminant analysis (ESDA), and
few more as defined in the results section. The analysis of NN
is performed on the selected datasets through 8 performance
metrics like sensitivity (sen), specificity (spec), precision

Table 6 Proposed recognition results through HD based features fusion and CcE selection approach using ISBI 2016 dataset

Classifier Method Measures
CT ST Sen Spec Prec FI M AUC Acc FPR  Time
(%) (%) (%) (%) (%) (sec)
Trees v 90.5 90 90.5 90.5 0.93 90.8 0.095 13.68
v 91.5 94 92.0 91.69 091 91.8 0.085 9.34

Discriminant LDA QDA Measures
v 88.5 83 89 88.75 092 885 0.115 9.58
v 88.0 91.5 91.5 89.72 094 914 0.085 8.39

Support Vector LSVM CSVM QSVM MGSVM CGSVM Measures
Machine v 940 910 940 94 098 938 006 9.84
v 92.5 93.0 92.5 92.5 097 924 0.15 8.70
v 91.5 92.0 92.0 91.75 098 91.8 0.08 8.75
v 92.0 90.0 92.5 92.25 097 92.1 0.08 8.0
v 89.0 83.0 89.5 89.25 0.96 88.8 0.11 8.37

K-Nearest Neighbor ~ FKNN MKNN Cosine Cubic W-KNN Measures
v 86.0 90.0 90.5 88.20 0.90 89.8 0.10 8.9
v 87.5 78.0 89.5 88.5 096 878 0.125 8.03
v 86.0 90.5 91.0 88.42 0.97 90.8 0.095 8.59
v 89.5 83.0 90.0 89.75 0.96 89.5 0.105 10.67
v 89.0 81.0 90.5 89.75 0.96 89.1 0.105 797
Neural Network MLP 95.0 95.0 95.0 95.0 098 95.1 0.05 6.97
EBT Baggage tree 92.0 91.0 92.5 92.25 097 92.1 0.08 20.59

*The bold results of Neural Network show the best accuracy
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Table 7 Verification for

classification results of Cancer type Cancer type

the neural network in the

form of CM Benign Malignant
Benign 95% 5%
Malignant 5% 95%

(pre), Fl-measure (F1-M), AUC, false positive rate (FPR),
accuracy (Acc), and recognition execution time. All experi-
ments are performed on MATLAB using Desktop Computer
Corei7 with 16GB of RAM and 8GB graphic card.

Datasets

In this work, we utilized three famous dermoscopy (DY)
datasets; ISBI 2016, ISBI 2017, and PH2. The PH2 dataset
consists of a total of 200 8-bit DY images of resolution 768 x
660. The total of 200 DY images includes 80 benign, 80 com-
mon nevi, and 40 melanoma. In addition, the ground truth
images of all 200 DY images are also provided by expert
doctors and publically available for the segmentation process
[56].

The ISBI 2016 challenge includes a total of 1279 DY im-
ages. This challenge includes separate tasks such as segmen-
tation, features detection, and classification of lesions into the
relevant category. For the training process, 900 images are
utilized from total DY samples and 379 images for the testing
process [57].

The ISBI 2017 challenge includes the total of 2750 DY
RGB images of resolution 296-1456. From the total, 2233
images are benign, and 517 are melanoma. For the exper-
imental evaluation, 2000 images are utilized for the train-
ing process and the remaining 750 for testing the
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Fig. 11 Presentation of ISBI 2016 dataset results in the form of ROC curves

proposed system [58]. The few of sample images are
shown in Fig. 9.

Segmentation results

The two well-known performance metrics: accuracy and neg-
ative rate (NR) are calculated for performance analysis of
lesion segmentation. The ISIC 2017 and PH2 datasets are
utilized in this regards. The annotated images of both datasets
are provided by experts and are publically available. The total
2000 images of ISIC 2017 dataset is utilized, and a few best
results (30 images) are given in Table 1. The overall average
accuracy achieved for all 2000 images is 94.98%. The overall
error rate is 5.22 which is less (almost 1%) as compared to the
latest state of the art techniques.

Similarly, the segmentation results of PH2 dataset are also
given in Table 2. The total of 200 DY samples experiments;
however, results are exhibited on few images. The overall average
accuracy of all 200 images is 95.41% and the error rate is 4.59%
which is less (almost 0.52%) as compared to the latest techniques.

The comparison of the proposed segmentation results with
the latest techniques is conducted in Table 3. The recent max-
imum achieved accuracy of ISIC 2017 dataset is 94.08% [56].
Whereas, our method shows improvement in accuracy up to
0.7% and reached 94.78% for ISIC 2017 dataset. Similarly,
for PH2 dataset, the previous best-reported accuracy is
95.30% [56] and our method reached 95.41% accuracy which
shows 0.11% improvement.

Recognition results

In the lesion recognition task, three datasets are utilized for the
system analysis. The extracted CNN features are fused and

1
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Table 8  Proposed recognition results through HD based features fusion and CcE selection approach using ISBI 2017 dataset

*Meth Method Measures
CT ST Sen (%) Spec (%) Prec (%) F1M (%) AUC Acc(%) FPR  Time (sec)
Trees 91.5 93 91.5 91.5 095 91.7 0.085 8.87
v 88.5 85 89 88.75 091 88.7 0.115 12.15
DA LDA QDA Measures
v 94 95 94 94 094 943 0.06 12.4
v 93.3 99.1 93.1 93.45 096 934 0.08 24.96
SVM L C Q-SVM  MG-SVM CG-SVM Measures
SVM  SVM
v 94 99 94.5 94.25 097 94.1 0.06 10.9
v 85.5 87 85.5 85.5 092 85.6 0.14 13943
v 94 99 94.5 94.25 098 94.0 0.06 22.52
v 94 98 94 94 098 94.0 0.06 15.64
v 93 99 93.5 93.25 097 93.0 0.07 14.59
KNN  FKNN M-KNN Cosine Cubic W KNN  Measures
v 92.5 94 92.5 92.5 092 925 0.07 10.68
v 94 100 94.5 94.25 097 938 0.06 9.898
v 94 99 94.5 94.25 098 94.1 0.05 10.89
v 93 99 93.5 93.25 097 93.1 0.07 99.94
v 99 100 94.5 96.7 097 94.1 0.06 14.81
NN MLP 94.5 98 95 94.75 098 94.8 0.05 10.91
EBT Baggage tree 94 99 94.5 94.25 098 94.0 0.06 22.52

*The bold results of Neural Network show the best accuracy. *Meth denotes method or classifiers

best subset of features is selected through CcE based ap-
proach. Later, the selected best features are classified using
NN and few other state-of-the-art algorithms for comparison
purpose. In addition, the advanced methods of these classifiers
such as complex tree and simple tree are used for DT.
Similarly, for discriminant analysis, the LDA and QDA are
employed, for SVM, LSVM, CSVM, QSVM, and MGSVM
are implemented. A 70:30 approach is utilized to divide the
datasets into training and testing procedures. Then, k-fold
cross validation is performed where k=20 which normally
selected as k = 10, but we selected this value for more reliable
and consistent results.

The recognition performance of PH2 dataset in terms
of a different number of classifiers and their performance
matrices are presented in Table 4. In this Table, the best-
achieved accuracy is 98.4% for NN, whereas the other
parameters such as Sen, Spec, Pre, FI-M, AUC, and

Table 9 Verification for

classification results of Cancer type Cancer type

the neural network in the

form of CM Benign Malignant
Benign 98 % 2%
Malignant 9% 91%

@ Springer

FPR are 98.25%, 98.5%, 8.3%, 98.27%, 1.0%, and 0.01,
respectively. The best accuracy values of the other classi-
fiers such as DT, DA, SVM, KNN, and EBT are 78.1%,
98.2% 97.9%, 97.4%, and 91.1% using ST, LDA, LSVM,
W-KNN, and baggage trees, respectively. The recognition
accuracy of NN is also verified through a confusion ma-
trix (CM) and ROC curves as presented in Table 5 and
Fig. 10. In addition, the execution time of the recognition
process is computed for all classifiers and the top three
best recorded times are 3.25 s, 4.02 s, and 4.04 s for NN,
weighted KNN, medium KNN, respectively.

The recognition accuracy values of ISBI 2016 dataset
for all the selected classifiers are presented in Table 6.
The best-noted accuracy is 95.1% using NN through
MLP method. The other achieved measures like Sen,
Spec, Prec, FI-M, AUC, and FPR are 95.0%, 95.0%,
95.0%, 95%, 0.98, and 0.05, respectively. The other clas-
sifiers such as DT, DA, SVM, KNN, and EBT achieved
the best accuracy of 91.8%, 91.4%, 93.8%, 90.8%, and
92.1% using ST, QDA, LSVM, cosine-KNN, and baggage
trees, respectively. The recognition accuracy of NN using
MLP method is also verified through a confusion matrix
(CM) and ROC curves as presented in Table 7 and
Fig. 11. In addition, the execution time of the recognition
process is also computed for all the selected classification
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Fig. 12 Presentation of ISBI 2017 dataset results in the form of ROC curves

methods, and the best recorded time is 6.97 s. The other
two best execution performances are 7.97 and 8.03 s for
W-KNN and MKNN methods, respectively.

In Table 8, the detailed recognition results are presented for
ISBI 2017 dataset. Similar to the PH2 and ISBI 2016 datasets
evaluation process, the same classifiers and performance mea-
sures are employed for this dataset. The best-recorded accura-
cy is 94.8% which is obtained through NN. The other calcu-
lated measures like Sen, Spec, Prec, F1-M, AUC, and FPR are
94.5%, 98%, 95%, 94.75%, 0.98, and 0.055%, respectively.
The best accuracy values of DT, DA, SVM, KNN, and EBT
are 91.7%, 94.3%, 94.1%, 94.1%, and 94%, respectively
using CT, LDA, LSVM, weighted KNN, and baggage tree
methods, respectively. In Table 9, the CM is given which is

Fig. 13 Graphical comparison of

best accuracies of each

classification method for all three 100 7

selected datasets
80 1
60
40 A
20 1

D trees DA

used for verification of the proposed accuracy using NN. In
addition, the confirmation of NN achievement is also shown
through ROC curves in Fig. 12. The comparison of the run-
ning time is also carried out for all the selected classifiers in
Table 9 using the proposed method. The best reported com-
putational time is 8.876 for decision trees (DT) method like a
complex tree (CT).

Comparison and Analysis

In this section, the analysis of the proposed approach is con-
ducted in terms of both numerical values and visual results
like enhancement, lesion boundary extraction, and labeled im-
ages. The overall architecture of the proposed system is shown

SVM

B rr2 1 1ss2016 [ 1sB12017

KNN NN EBT
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Fig. 14 Graphical representation A

of classification time which are

listed in Fig. 13 for all datasets 37T
20 1
15 1
10 1

in Fig. 1 whereas the visual enhancement and DCNN based
segmentation effects are shown in Figs. 2, 3, 4, and 5. The
proposed segmentation method is validated on ISIC 2017 and
PH2 datasets and the obtained results are presented in Tables 1
and 2. In the recognition phase, the CNN features are extracted
and fused through HD based approach and the visual effects
are shown in Fig. 7. The overall labeled recognition results are
shown in Fig. 8. The recognition process is validated on ISBI
2016, ISBI 2017, and PH2 datasets and the obtained results
are presented in Tables 3-9 and their ROC’s are displayed in
Figs. 10-12. In Fig. 13, a comparison of each classification
method for all three selected datasets is presented which
shows the superiority of NN compared to the other techniques.
In addition, the classification time is also plotted in Fig. 14.
From Fig. 14, NN performed efficiently compared to the other
methods.

Table 10  Comparison with existing techniques for all selected datasets

Method Year Dataset Accuracy (%)
[4] 2018 PH2 97.5
[64] 2017 PH2 96.0
[65] 2018 PH2 97.5
[26] 2017 PH2 97.0
Proposed 2019 PH2 98.4
[4] 2018 ISBI 2016 83.2
[66] 2018 ISBI 2016 86.1
[8] 2017 ISBI 2016 94.9
Proposed 2019 ISBI 2016 95.1
[4] 2018 ISBI 2017 88.2
[67] 2018 ISBI 2017 93.6
[68] 2017 ISBI 2017 93.4
Proposed 2019 ISBI 2017 94.8

@ Springer
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The proposed method is also compared with the latest tech-
niques using the three selected datasets in term of accuracy as
addressed in Table 10. In [4], the authors presented the
handcrafted features and the entropy-based selection approach
for lesion classification. They reached an accuracy of 97.5%
using PH2 dataset. Waheed et al. [64] presented an efficient
machine learning approach for skin lesion classification and
reported an accuracy of 96% using PH2 dataset. Similarly in
[26, 69], the authors introduced the hand-crafted and the deep
CNN based methods for lesion classification and achieved an
accuracy of 97.5% and 97%, respectively. The proposed
method achieves an accuracy of 98.4% on PH2 dataset. Like
PH2 dataset, the comparison is also conducted for ISBI 2016
and 2017 datasets with the latest approaches ([68]; M Attique
[4, 8, 66, 67]). Recently, Yu et al. [8] achieved an accuracy of
94.9% using ISBI 2016 dataset, whereas our method achieves
an accuracy 0f 95.1%. In [68], Bi et al. reported an accuracy of
93.4% which is later improved by [67] with more than 0.2%.
The proposed method achieves an accuracy of 94.8% for ISBI
2017 dataset which gives the validity of the proposed deep
learning method.

Conclusion

In this article, we proposed a new fully automated enhanced
deep CNN model for skin lesion border identification and
lesion recognition. The proposed heterogeneous framework
includes three major pipeline procedures including augmenta-
tion and contrast enhancement, color pixels based on CNN
training and segmentation, and CNN features fusion and se-
lection. The best subset of selected features is classified
through NN. A comparison result is conducted for each
dataset using several classification methods. The segmenta-
tion results are evaluated on PH2 and ISIC 2017 datasets
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and attained an average accuracy of 95.41% and 94.78%,
respectively. The proposed recognition process is evaluated
on ISIB 2016, 17, and PH2 datasets and attained the best
accuracy of 95.1%, 94.8%, and 98.4%, respectively. The pro-
posed system accuracy is better as compared to the existing
state-of-the-art segmentation and recognition techniques
which shows the authenticity of our method. Moreover, from
the obtained results, we conclude that the selection of the most
relevant pixels of lesion regions provides good segmentation
results that later affect the recognition process. We also notice
that the selection of the best subset of features reduces the
overall system execution time. In the future, we shall attain
only the segmentation process using transferring learning and
physics selection theorems. Through physics selection theo-
rems, the best subsets of features are selected.
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