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Abstract
Malignant melanoma, not belongs to a common type of skin cancers but most serious because of its growth—affecting

large number of people worldwide. Recent studies proclaimed that risk factors can be substantially reduced by making it

almost treatable, if detected at its early stages. This timely detection and classification demand an automated system,

though procedure is quite complex. In this article, a novel strategy is adopted, which not only diagnoses the skin cancer but

also assigns a proper class label. The proposed technique is principally built on saliency valuation and the selection of most

discriminant deep features selection. The lesion contrast is being enhanced using proposed Gaussian method, followed by

color space transformation from RGB to HSV. The new color space facilitates the saliency map construction process,

utilizing inner and outer disjoint windows, by making the foreground and background maximally differentiable. From the

segmented images, deep features are extracted by utilizing inception CNN model on two basic output layers. These

extracted set of features are later fused using proposed decision-controlled parallel fusion method, prior to feature selection

using proposed window distance-controlled entropy features selection method. The most discriminant features are later

subjected to classification step. To demonstrate the efficiency of the proposed methods, three freely available datasets are

utilized such as PH2, ISBI 2016, and ISBI 2017 with achieve accuracy is 97.74%, 96.1%, and 97%, respectively.

Simulation results clearly reveal the improved performance of proposed method on all three datasets compared to existing

methods.
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1 Introduction

Malignant melanoma, being a minority of skin cancers but

most deadly, develops from melanocytes cells. The

occurrence of melanoma has increased drastically in the

last decade, especially among males [1, 2]. In the USA

only, an estimated number of new cases reported, only in

2018, are 178,560—comprising 87,290 noninvasive and

91,270 invasive cases. Estimated number of death from

melanoma in the USA is 9320, which includes 5990 men

and 3330 women [3, 4]. From the recent studies, it is quite

apparent that 86% of melanoma cases are caused by

ultraviolet radiations (UVR) from the sun [5]. In case of

non-melanoma, basal cell carcinoma (BCC) is a common

type of skin cancer, whose approximate number of cases,

only in US, are 4.3 million since 2018 [6, 7]. In Australia,
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an estimated 14,320 number of new cases are diagnosed

since 2018, which include 8653 men and 5667 women,

whereas the number of deaths due to melanoma is 1905—

including 1331 men and 574 women [7, 8]. In UK, since

2015, the reported melanoma cases are 15,906 [9].

Lately, computer-based methods have been introduced

by the machine learning community for automatic diag-

nosis of skin cancer at the early stages [10, 11]. These skin

lesion commonly categorized into malignant and benign

are caused by abnormal production of cells in the human

body. The malignant lesions are growths of irregular cells

that break without control and order; however, the benign

lesions are normal cells and do not conflict around the other

healthy cells [12]. The sample images of malignant and

benign are shown in Fig. 1.

In machine learning, the automatic analysis of medical

images is a multidisciplinary domain that associates the

relevant class labels to the images [13, 14]. Under the

umbrella of artificial intelligence (AI), computer vision is a

subfield which automates the systems based on their visual

information [15]. Standard tasks of automated image

analysis are segmentation, detection, and recognition [16].

In the segmentation task, abnormalities are separated from

given images, whereas in the detection step, the abnor-

mality is identified in the image through features [17]. In

the recognition task, multi-level features are extracted and

classified through supervised learning methods [18]. The

example of a classification task is to categories the benign

and melanoma according to their class labels using der-

moscopic images, recognition of motor imagery (MI)-re-

lated EEG recognition of brain–computer interface (BCI)

[19, 20], analysis of mild cognitive impairment (MCI)

using function connectivity learning toward GSR bases

network configuration [21], and computation of most

common features from EEG for SSVEP recognition in BCI

using multi-set canonical correlation analysis (MccA)

which further improved through multilayer correlation

maximization method [22]. These methods outperforms for

strong set of relevant features which shows the importance

of features for good accuracy computation.

Recent studies show improved performance of deep

methods for various computer vision applications [16, 23],

which work on the principle of producing discriminant

feature vectors—later utilized by the classifiers to achieve

best accuracies. A large amount of training data are

required of these systems for making any decision—also

called data hungry methods. Typically, a CNN is a family

of deep architectures including many layers, convolutional,

pooling, ReLU, and fully connected. Through these layers,

data are transformed into a meaningful information

features.

1.1 Motivations

Computer-aided diagnosis (CAD) techniques were pro-

posed by Fernandes et al. [24]. The two state-of-the-art

CAD techniques proposed by them include skin lesion

analysis and color constancy approach. Their approaches

are considered contemporary and fundamental in the field

of early skin cancer detection. Fernandes et al. [24] find-

ings inspired our research, and we developed a deep

learning-based approach using saliency estimation.

Authors in [24] performed in-depth analysis of early skin

cancer detection. They used an exhaustive dataset EDRA

database which contains images from different sources like

the University of Graz (Austria), University Federico II of

Naples (Italy), and University of Florence (Italy). We

attribute the success of our research to the novel innova-

tions and insights provided by Fernandes et al. [24].

1.2 Problem statement and contribution

In general, a CAD system consists of the following major

steps includes lesion preprocessing, segmentation, extrac-

tion of feature descriptors, and classification. In medical

imaging, a good preprocessing approach make lesion

Fig. 1 Sample dermoscopy images from ISBI and Ph2 datasets: a benign; b malignant
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visible as original image which is later helpful for accurate

lesion segmentation. The better segmentation shows better

representation of lesion in terms of shape and relevant

features. The feature extraction is third and more essential

step for classification of skin lesions. In this step, the fol-

lowing problems exist which effects on the classification

accuracy and system computation time such as number of

sufficient features for defined the classification problem,

number of selected features, and problems of redundant

and irrelevant features.

A new method is proposed which follows four funda-

mental steps including lesion preprocessing, lesion detec-

tion through saliency-based segmentation, features

extraction through deep learning, and optimal features

selection and final classification using NN. Our major

contributions in this work are the following:

• A new contrast stretching procedure is defined using

Gaussian relation. Initially, Gaussian distribution of a

given image is computed, which is later plug into a

Gaussian fitness formulation—based on mean, standard

deviation, and a distribution value.

• A novel histogram-based saliency method is proposed,

which relies on the best HSV color channel. Two

disjoint windows are implemented on the selected

channel to generate a saliency histogram.

• A new parallel feature fusion methodology is proposed,

decision-controlled parallel (DCdP) features, which

combines the set of independent deep features to

generate a unified vector.

• An optimal feature selection methodology is exploited,

distance-controlled entropy features selection (DcEFS),

which has a tendency to mitigate the randomness

among selected features.

2 Related work

The performance of skin lesion segmentation and classifi-

cation truly depends upon the selection of most discrimi-

nant features [25, 26]. A good segmentation method traces

the precise boundaries, whereas the complex background

makes the segmentation process difficult—which directly

effects the extracted features. In machine learning com-

munity, deep convolutional neural networks (DCNN) per-

formed up to the mark, even on complex and large datasets.

The DCNN widely used in medical imaging such as skin

lesion recognition and brain tumor classification [27].

Features are extracted from different layers to handle a

large number of data and variation between them. Saptarshi

et al. [28] extracted texture and morphological features that

are later selected through SVM recursive feature elimina-

tion (SVM-RFE) approach. Codella et al. [29] fused hand-

coded features (LBP) with the deep learning descriptors for

melanoma classification. The introduced method reported

sensitivity rate of 95% using ISBI 2016 dataset. Manu

Goyal et al. [30] performed semantic segmentation using

ISBI 2017 dataset. The partial transfer learning and full

transfer learning is employed to solve the problem of data

deficiency. They achieved similarity rate 81.9% on ISBI

2017 dataset along sensitivity rate 78.9%.

Sara et al. [31] described a melanoma detection tech-

nique which is worked on three steps including lesion

enhancement, vignette correction, and artifacts removal. In

their work, they used wavelet-based decomposition instead

of pre- and post-processing approaches. The wavelet

decomposition gives an improved performance on ISBI

2017 dataset. Mostafa et al. [32] introduced an encoder–

decoder network by dilated residual systems for lesion

segmentation using dermoscopy images. In the introduced

approach, features are extracted through ResNet pre-

trained model and employed NLL and EPE approach for

features reduction instead of traditional reduction tech-

niques. The ISBI 2016 and ISBI 2017 datasets are utilized

for evaluation and achieved accuracy of 0.984 and 0.936,

respectively. Adria et al. [33] utilized pre-trained VGG-19

for CNN features extraction. An augmentation is per-

formed for data deficiency. The transfer learning is per-

formed in the presented method for features mapping and

achieved sensitivity rate of 78.66% on ISBI 2016 dataset.

Kawahara et al. [34] proved that the DCNN features

could correctly classify the lesions without segmentation

and the preprocessing problems such as artifacts or low

contrast. The features are extracted through AlexNet, and

Dermofit Image Library dataset is utilized for evaluation of

a system which includes a total of 1300 dermoscopic

images. The presented method gives an accuracy of 85.8%,

which is good as compared to existing techniques.

Emre et al. [35] introduced a distinct color-based ML

technique for lesion classification using dermoscopy ima-

ges. The colors are divided into clusters by employing a K-

means clustering approach, and late regression algorithm is

trained for classification of lesions into benign and mela-

noma. The experiments are performed on Interactive Atlas

of Dermoscopy (EDRA) dataset and achieved 72% clas-

sification accuracy. Chen et al. [36] implemented two

major modules such as SegNet and ClsNet, simultaneously.

ResNet 101 was used for features extraction and performed

an evaluation on ISBI 2017 dataset. The results show sig-

nificant performance as compared to the base model. Khan

et al. [2] presented a pixel distribution technique for lesion

segmentation and later hand-crafted (Harlick, HOG, and

Color) features were extracted. The extracted features are

fused by a parallel method and employed entropy-con-

trolled approach for significant features selection.
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Experiments are performed on PH2, ISCI, ISBI 2016, and

ISBI2017 datasets and achieved significant performance.

3 Proposed method

The proposed lesion segmentation and recognition is an

integration of two fundamental modules of lesion detection

and recognition. In the former, lesion detection is per-

formed through saliency estimation method, while latter

classifies the lesion based on extracted deep features, as

shown in Fig. 2.

3.1 Contrast-controlled saliency estimation

Contrast stretching is an essential step, especially if the

foreground and background has maximum correlation.

Utilizing this procedure, a local contrast of an image is

stretched, so as to make foreground sharp and visually

distinct. In this work, a new contrast-controlled saliency

estimation approach is proposed for dermoscopic images.

Initially, lesion contrast is enhanced through a fitness

function which is controlled by a Gaussian distribution and

probability value. Later, HSV transformation is applied to

select the high-intensity value channel.

3.1.1 Contrast enhancement

Suppose D denotes database of dermoscopic images, let

O i; jð Þ denotes original RGB dermoscopic image, having

dimension N �Mð Þ, where N 2 642 and M 2 1024, and

then resize each image into a fixed dimension of

512 � 512ð Þ. In the first step, Gaussian formulation is

performed through Eq. 1:

G Oð Þ ¼ 1
ffiffiffiffiffiffi

2p
p

r
e�

Oij�l

r

� �2

ð1Þ

where r denotes standard deviation and l denotes mean

value of original image O i; jð Þ. The mean value is com-

puted as l ¼
PN

i;j¼1
Oij

N and r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

O2
ij

N2 � Oij

N

� �2
r

. The Gaus-

sian value G Oð Þ is utilized in the fitness function F i; jð Þ
which improves the local contrast of lesion region. Because

the lesion color is brown and black, it is easy to find out the

abnormal region. The function F i; jð Þ makes a clear dif-

ference between lesion and healthy regions. The formula-

tion of fitness function is defined by Eqs. 2–3:

F i; jð Þ ¼
1 þ E uqð Þ

d
ð2Þ

d ¼ 1 þ G Oð Þð Þ
b

ð3Þ

where E uqð Þ denotes unique value which is formulated as

E uqð Þ ¼
PN

i;j¼1 P
1�Oij

N

� �

. The P �ð Þ denotes pixels probabil-

ity values, N denotes total pixels values, and b is a scaling

parameter which is fixed as 0.2 for d. The output enhanced

image is denoted by EO i; jð Þ and effects are shown in

Fig. 3.

3.2 Saliency estimation

In the domain of computer vision, the foreground regions

are extracted through well-known segmentation techniques

such as K-means and watershed. Although, these methods

Fig. 2 System architecture of proposed skin lesion segmentation and recognition
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don’t produce exemplary results especially with a case

when the normal and abnormal pixels have similar contrast.

The saliency methods are most important and useful for

this type of scenario. Several saliency methods are intro-

duced in the literature which performs efficiently for low-

contrast pixels. The saliency detection indicates to identify

the most informative part of the image. It has been applied

in many domains such as segmentation, object classifica-

tion, and image retrieval. In this work, a saliency method is

proposed. The saliency estimation is performed in three

steps. In the first step, HSV color transformation is per-

formed and selects the best channel based on their high-

intensity value. In the second step, a saliency map is con-

structed through distance formulation. Finally, thresholding

is performed for binary lesion extraction and mapped on

the original image. The detailed description of each step is

given below:

As we have enhanced RGB image EO i; jð Þ of size 512 �
512 which is obtained after performing Eqs. 1–3. Let

nhsv i; jð Þ denotes HSV transformed image of three separate

channels as hue, saturation, and variation denoted by nh, ns,

and nv, respectively. The mathematical formulation of

HSV transformation is performed through Eqs. 4–6:

nh ¼ cos
� 1

1
2

2nr�ng�nbð Þð Þ
nr�ngð Þ2� nr�nbð Þ ng�nbð Þ ð4Þ

ns ¼
max nr; ng; nb

� �

� min nr; ng; nb

� �

max nr; ng; nb

� � ð5Þ

nv ¼ max nr; ng; nb

� �

ð6Þ

where nr, ng, and nb denotes red, green, and blue channels

that are extracted from enhanced image EO i; jð Þ. These

channels are formulated through following expression:

nr ¼ rð Þ
rþgþbð Þ, ng ¼ gð Þ

rþgþbð Þ, and nb ¼ bð Þ
rþgþbð Þ. After extrac-

tion of nh, ns, and nv channels, normalized the pixel values

through Doane’s formulation which is defined through

Eqs. 7–10

nh ¼ /k nhð Þ; ns ¼ /k nsð Þ; nv ¼ /k nvð Þ ð7Þ

/k ¼ 1 þ log2 nlð Þ þ log2

S1j j
rnl

� �

; l 2 h; s; vð Þ ð8Þ

Sl ¼
E n3

l

	 


� 3lr2 � l3

r3
ð9Þ

rnl ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

6 nl � 2ð Þ
nþ 1ð Þ nþ 3ð Þ

s

ð10Þ

where /k denotes the Doane’s function, Sl denotes the third

moment skewness, l described the mean value, and rnl
explains the standard deviation of each channel. These

formulations normalize the pixel values of each channel

and increase the local contrast of an image. Thereafter,

range is defined in three clusters as\ 110 or 0.429,\ 180

or 0.703, and \ 256 or 1 for each channel. From these,

select the cluster of\ 256 and find its probability value for

all. The major purpose of this cluster is to select the

channel of brighter region. The probability value for each

channel is computed through Eq. 11:

P i; jð Þ ¼ ni;j
N

; ð11Þ

where N denotes total number of pixels for each channel

and ni;j denotes the favorable pixels. Then, compute the

average of three probabilities values for three channels as

lP i;jð Þ. Through probability value lP i;jð Þ, set a threshold

function which select the best intensity channel through

Eq. 12:

nsl i; jð Þ ¼
nh if E nh i; jð Þð Þ\lP i;jð Þ
ns if E ns i; jð Þð Þ\lP i;jð Þ
nv if E nv i; jð Þð Þ� lP i;jð Þ

8

<

:

ð12Þ

Fig. 3 Lesion preprocessing—contrast stretching. Top row: original RGB dermoscopic images. Bottom row: images after applying contrast

stretching
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The above equation explains that if expected value of

hue channel is less than mean probability value lP i;jð Þ, then

select nh channel, otherwise check condition for second

channel ns. This process is continuing for all three chan-

nels, respectively, and visual results after employing

Eq. 12 are shown in Fig. 4.

Figure 4 (a) represents the contrast stretching image

which is obtained through Eqs. 1–3, (b–e) represents the

HSV transformed image, normalized hue, saturated, and

variation channels, respectively, which are obtained

through Eqs. 4–10. The final selected channel is shown in

Fig. 4f which are gained through Eqs. 11 and 12. The final

selected channels as shown in Fig. 4 (f) are further utilized

for saliency estimation.

In the next step, saliency map is defined by employing

number of active pixels in the selected frame. The active

pixels define those pixels whose values are greater than

0.709 and equal and less than 1. For his process, histogram

formulation is performed and defined by Eq. 13

nsal pi; pj
� �

¼
X

pi 6¼pj

w pið ÞDp pi; pj
� �

ð13Þ

where w pið Þ denotes the pixel values in the region pj, Dp

represents the histogram distance between healthy and

lesion pixels. The distance between healthy and abnormal

pixels is formulated by equation

Dp
�!

pi; pj
� �

¼ hr ið Þ nsal pð Þð Þ � hr jð Þ nsal pð Þð Þ
�

�

�

� ð14Þ

Fig. 4 HSV color

transformation and selection of

best channel based on finest

intensity value. a Enhanced

image samples, b HSV color

transformation, c extracted hue

channel from HSV, d extracted

saturated channel from HSV

image, e V channel, f finest

selected channel
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where hr ið Þ denotes histogram of rows pixels and hr jð Þ
depicts histogram of columns pixels. The extra noise in the

image during saliency map construction is a difficult task

for accurate lesion segmentation; therefore, we utilized

two-dimensional Gaussian filter of scale parameter

a ¼ 0:4. The gaussian filter is formulated through Eq. 1.

After that, divide filtered image into two disjoint parts R1

and R2. The R1 represents the inner part of image and v

describe the outer part of filter image. Finally, through

inner and outer parts, spatial saliency map is constructed

through Eqs. 15–16

nR1 pð Þ ¼ lhR1 nG pi;j
� �� �

ð15Þ

nR2 pð Þ ¼ lhR2 nG pi;j
� �� �

ð16Þ

where nR1 and nR2 denotes the spatial map of inner and

outer regions, hR1 and hR2 described histogram of both

disjoint, respectively. The l denotes mean value for each

disjoint and it ranges between 0.4 and 0.6, whereas the best

results are achieved on l ¼ 0:542. Hence, the final saliency

map is defined through equation

nFS pi; pj
� �

¼ Dp
�! 1

N1

X

p¼R1

nR1 pð Þ; 1

N2

X

p¼R2

nR2 pð Þ
" #

ð17Þ

where N1 and N2 denote total number of pixels of both

disjoint parts R1 and R2, and Dp
�!

is a Euclidean distance

between pixels of R1 and R2. Finally, Otsu thresholding is

performed for binary images and results are shown in

Fig. 5. In Fig. 5 (c), the proposed saliency results after

thresholding are shown, whereas in (d), mapped RGB

images are shown which are obtained after multiplication

of original and segmented image. Finally, in (e), the ground

truth images are presented. Moreover, the comparison of

ground truth and proposed segmented images are shown in

Fig. 6. In Fig. 6, the green boundary describes the ground

truth image, whereas the black boundary represents the

proposed segmented image.

3.3 Features extraction and recognition

To classify set of images, various types of features can be

utilized such as point [37], shape [23], color, and texture

[38, 39]. These set of features produce an impressive per-

formance results for small datasets; however, for large

datasets, deep learning-based methods are more effective

[40]. Several deep learning methods are introduced such as

VGG, AlexNet, ResNet, and Inception. In this work, we

used Inception V3 pre-trained deep learning model which

includes hundreds of layers. We perform activation on

average pool and fully connected layer and extract deep

CNN features. The features extraction process includes two

major phases including training and testing which are

described as follows:

3.3.1 Training and testing phase

In this phase, initially, we divide the segmented input

dataset into 60:40 as training and testing. The activation is

performed on two layers separately named average pool

and fully connected (FC). The activation on average pool

layer returns a vector of size N 9 2048 whereas for FC the

output vector size of N 9 1000. Later on, both vectors are

fused by employing parallel fusion approach. The fusion

algorithm is explained in Sect. 3.3.2. The fusion process

returns a vector of size 1 9 2048 which is later utilized for

selection of strongest features through the proposed

selection process explained in Sect. 3.3. This process is

similarly conducted for testing images and obtained an

optimal vector which is later matching with a trained

model and perform classification. The proposed parallel

fusion and optimal feature selection process are shown in

Fig. 7.

3.3.2 Features fusion

Features fusion is a process of combining multiple features

in one feature matrix to obtain better classification accu-

racy. The major objective of the fusion process is to raise

the performance of systems in the related field [41–43]. In

the field of medical imaging, analysis and evaluation of

medical obstacles are a core problem from last few years.

Through features fusion, this problem can minimize and

increase the classification accuracy of different modalities.

Two major techniques exist in the literature for features

fusion such as serial-based and parallel-based fusion [44].

The serial-based approach is an easy and simple method,

whereas the parallel approach is complex because the

length of the vectors is not the same to each other. Mostly

researchers used zero padding to make the equal length of

fused feature vectors (FV) which is not a good idea for this

process. In this work, we proposed a decision-controlled

parallel (DCdP) approach for features fusion. Let ufa

denote a feature vector (FV) of dimension N � 2048 that

extracted from employing activation on average pooling

layer, ufb denote FV of dimension N � 1000 which is

computed after employing activation on FC layer. Suppose

ufs denote the fused FV of length N � 2048. A major rule

of parallel features fusion is the equal dimension of all

fused vectors, if the dimension of FV’s are not equal

dimension; then, it must be equal through padding opera-

tion. In the very first step, we calculate the size of all

vectors and set a padding dimension through following

formulation:
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P ¼ Fl � 1ð Þ
2

; Fl 2 MAX ufa ;ufbð Þ and

MIN ufa ;ufbð Þ
ð18Þ

where P denote the padding size and Fl denote the length

of maximum and minimum FV’s. Later, entropy is com-

puted from minimum length vector ufb . The output entropy

value is used as padding for equal length of minimum

dimensional vector

H ufað Þ ¼ �CEi log pið Þ; where C ¼
�f að Þ
Na

ð19Þ

The C denote the Boltzmann constant value, �f a denote

the mean value of FV ufa , pi is probability value of FV ufa ,

and Na represent total number of features of ufa . After that

perform padding through the following formula:

upd ¼
X

N

i¼1

umin ið Þ L;HðufaÞð Þ ð20Þ

where L denotes the length of fused vector of dimension

N � 2048. After padding, a rule is defined which make a

decision that which feature is selected for fused vector at

ith index. The decision function determines the importance

of features in both FV’s. The rule described that strong

features are selected from both ith and jth indexes based on

maximum value. Here, ith index denotes the features of FV

ufa and ith denotes the features of FV ufb . Mathematically,

the rule is formulated as follows:

D ufa ið Þð Þ ¼ ufa ið Þ
PN

i¼1 ufa ið Þ
ð21Þ

D ufa ið Þð Þ ¼ ui if MAX ufa 1ð Þ;ufa 2ð Þ; . . .;ufa Nð Þ½ �ð Þ ¼ ufa ið Þ
0 Otherwise




ð22Þ

Similar, for second matrix the formulation is performed

as follows:

D ufb jð Þð Þ ¼ ufb jð Þ
PN

j¼1 ufb jð Þ
ð23Þ

D ufb jð Þð Þ ¼ uj if MAX ufb 1ð Þ;uf b 2ð Þ; . . .;ufb Nð Þ
	 
� �

¼ ufb jð Þ
0 Otherwise




ð24Þ

The output of D ufa ið Þð Þ and D ufb jð Þð Þ matrix is finally

combined and the resultant vector is obtained of size

N � 2048.

3.3.3 Features selection

The optimal features selection algorithms not only increase

the recognition accuracy but also minimize the redundant

information from original vectors [45, 46]. When redun-

dant information is removed, the execution of proposed

system is also improved [47]. In this work, we proposed a

new selection approach named window distance-controlled

entropy features selection (DcEFS). The proposed

Fig. 5 Proposed lesion segmentation results on PH2 dataset. a Original image, b enhanced, c proposed, d mapped on RGB, e ground truth
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approach initially employs a window across fused vector of

size 2 � 2 and computes the Mahalanobis distance (MsD).

The MsD is computed through utilization of both

horizontal and vertical values of each window. A value is

computed after each window operation which is formulated

as follows:

Fig. 6 Proposed detection results. a Selected channel, b proposed saliency estimation-based segmentation, c mapped image, d ground truth

image, e lesion detection and comparison

Fig. 7 Proposed CNN features extraction and recognition through parallel features fusion and optimal features selection
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�MD kð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

xi � yið Þ2

r2
�

xj � yj
� �2

r2

s

ð25Þ

where �MD kð Þ is a MsD vector, xi, yi denotes horizontal

feature values of selected window, yi, yj denotes vertical

values in selected window, and r2 is a standard deviation.

The xi, yi, xj, yj 2 ufs . Next, a threshold is defined which

divide the �MD kð Þ vector into two equal parts as follows:

�MD V1;V2ð Þ ¼ V1 kð Þ for �MD kð Þ i; iþ 2; iþ 4ð Þ; . . .;N � 1½ �
V2 kð Þ for �MD kð Þ iþ 1; iþ 3; iþ 5; . . .;Nð Þ½ �




ð26Þ

The V1 kð Þ and V2 kð Þ denote the two equal length vec-

tors which are extracted through Eq. 26. The entropy is

performed on both vectors simultaneously and selects the

top 50% features from both of them and later simple

concatenation based combined in one vector. The mathe-

matical formulation of entropy calculation is defined

through Eqs. 27–28

H1 V1 k1ð Þð Þ ¼ �CEi log pi V1 kð Þð Þð Þ; where

C ¼ V1 kð Þð Þ
NV1

ð27Þ

H2 V2 k2ð Þð Þ ¼ �CEi log pi V2 kð Þð Þð Þ; where

C ¼ V2 kð Þð Þ
NV2

ð28Þ

wf H1;H2ð Þ K1; k2ð Þ ¼ H1 V1 k1ð Þð Þ
H2 V2 k2ð Þð Þ

� �

ð29Þ

where H1 V1 k1ð Þð Þ and H2 V2 k2ð Þð Þ denote entropy vec-

tors of vectors V1 kð Þ and V2 kð Þ. The wf H1;H2ð Þ K1; k2ð Þ is

final selected vector, and H1 and H2 are 50% reduced

entropy vectors as compared to original entropy vectors.

Finally, the selected features are utilized for classification

through neural network of method multi-perceptron learner

(MLP) [40]. The cost function of MLP is defined by Eq. 29

J W ; b; k; yð Þ ¼ 1

2
hw;b kð Þ � y; hw;b ¼ kn ð30Þ

where hw;b is weight and bias of layers, kn is last output, k

is initial inputs, and y denotes the class labels. The visual

classification outputs are shown in Figs. 8 and 9.

4 Validation results and analysis

4.1 Experimental setup

The results of propose method are presented in this section

in terms of values and graphical analysis. Three publicly

available datasets-PH2, ISBI 2016, and 2017 are employed

for validation. In the very first phase, segmentation results

are simulated on PH2 and ISBI 2016 dataset using ground

truth and segmented images. Through both images, a

comparison is conducted based on their pixel’s similarity

values. Two parameters including dice and error rate are

computed for performance evaluation on both datasets. In

the second phase, recognition results are computed using

all three datasets. The neural network (NN) is utilized as a

classifier for classification results and compared its per-

formance with coarse tree, linear SVM (LSVM), cosine

KNN, Quadratic SVM, and medium Gaussian SVM. The

results are validated through seven famous performance

measures including recognition time, negative rate (FNR),

sensitivity, specificity rate, AUC, precision rate, and

accuracy. MATLAB 2018a is use for simulation on a

desktop machine of processor Intel (R) Core (TM)-i7 3770

CPU 3.40 GHz, with 16 GB of RAM and 4 GB of a

graphics card (Nvidia GeForce GTX 980). Moreover, the

deep learning library of MATLAB named MatConvNet is

utilized for deep feature extraction through pre-trained

CNN models.

4.2 Datasets

The PH2 dataset comprises of a total 200 dermoscopic

images including 80 atypical nevi, 80 carcinoma, and 40

melanomas. The ISBI 2016 dataset holds the total of 1279

images which includes 273 malignant (M), and 1006

benign (B). All images are in the RGB format and of dif-

ferent dimensions. Moreover, the ground truth images of

this dataset are available for segmentation results. The

ISBI2017 dataset includes a total of 2750 dermoscopy

RGB images which includes 517 malignant and 2223

benign images.

4.3 Segmentation results

The proposed saliency method is validated on two famous

datasets name PH2 and ISBI 2016. The PH2 results are

given in Table 1 for maximum dice rate of 96.75% and

negative rate 3.24%. The overall average segmentation

dice rate is 94.3239%, and average negative rate is

5.6761%, respectively, which is computed for all 200

images of PH2 dataset. The overall results on PH2 dataset

are above 90% which clearly show the improved perfor-

mance of the proposed saliency method. Secondly, the

proposed saliency-based segmentation results are com-

puted on ISBI 2016 dataset and obtained maximum dice

rate of 97.9448% and an error rate of 2.0552%, respec-

tively. The overall average dice rate is 94.9227% which is

computed for all images of ISBI 2016 dataset. In short,

these results show the proposed saliency method outper-

forms on both datasets.
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Fig. 8 Proposed labeled results using ISBI 2016 dataset

Fig. 9 Proposed labeled results using PH2 dataset

Table 1 Proposed segmentation

results using PH2 dataset
Image Dice (%) FNR (%) Image Dice (%) FNR (%)

IMD004_lesion 92.0762 7.9238 IMD031_lesion 92.5184 7.4816

IMD015_lesion 93.4803 6.5197 IMD041_lesion 90.2665 9.7335

IMD016_lesion 95.3221 4.6779 IMD042_lesion 91.8763 8.1237

IMD018_lesion 91.9900 8.010 IMD047_lesion 94.1424 5.8576

IMD020_lesion 93.7683 6.2317 IMD057_lesion 91.9757 8.0243

IMD021_lesion 96.2730 3.7270 IMD078_lesion 94.3391 5.6609

IMD027_lesion 90.3243 9.6757 IMD135_lesion 86.8379 13.1621

IMD036_lesion 92.1502 7.8498 IMD149_lesion 96.5717 3.4283

IMD038_lesion 94.2521 5.7479 IMD150_lesion 96.7539 3.2461

IMD039_lesion 89.8617 10.1383 IMD168_lesion 96.1711 3.8289

IMD040_ lesion 95.9971 4.0029 IMD169_lesion 96.5873 3.4127

IMD171_lesion 94.9446 5.0554 IMD142_lesion 92.4603 7.5397

IMD164_lesion 93.2232 6.7768 IMD243_lesion 93.2022 6.7978

IMD312_lesion 92.2997 7.7003 IMD331_lesion 94.3206 5.6794

IMD423_lesion 92.4658 7.5342 IMD437_lesion 94.7521 5.2479

Average (%) 94.3239 5.6761
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We also compared the proposed average segmentation

accuracy with the recent state-of-the-art methods to show

the authenticity of the saliency segmentation. Pathan et al.

[48] presented an domain knowledge based approach for

lesion segmentation and achieved accuracy 93.4% using

PH2 dataset. Penis et al. [49] introduced an Delaunay tri-

angulation approach for melanoma segmentation and

reported average accuracy of 89.6% using PH2 dataset. Bi

et al. [50] presented a multi-stage fully connected CNN

network for skin lesion segmentation and obtained dice rate

90.25% for melanoma studies and 90.77% for non-me-

lanoma studies, whereas our proposed saliency method

gives average dice rate of 94.32% and error rate of 5.67%

which is exceptional as compared to existing approaches

using PH2 dataset. Similarly, a comparison is also con-

ducted for ISBI 2016 dataset with existing techniques.

Penis et al. [49] also used ISBI 2016 dataset and reported

overall average dice rate of 91.18%. Sedai et al. [51] pre-

sented an CNN method for lesion segmentation and

achieved average segmentation accuracy of 92.3%. In [48],

authors also used ISBI 2016 dataset and reported accuracy

of 94.6%. In this method, we achieve a dice rate of

94.9227% with the minimized error rate up to 5.0773%.

These results show that our system gives exceptional per-

formance on ISBI 2016 dataset as compared to the listed

methods (Table 2).

4.4 Classification results

The proposed classification results computed in three steps:

(1) color features are fed to NN and compared accuracy

with other methods like LSVM, cosine tree, and few more,

(2) geometric features are feed NN for classification, (3)

fusion of avg_pool and FC layer deep CNN features, and

(4) optimal features selection approach. The 50-by-50

approach is opted in this work for all datasets along tenfold

cross-validation. In Table 3, the recognition results using

ISBI 2016 dataset are presented. The best achieved accu-

racy for color features of 91.8%, precision rate 91.5%,

AUC of 0.97, specificity of 92%, sensitivity of 92%, and

FN rate is 8.0%, respectively, on NN. The execution time

of NN for color features is 17.88 s. The best achieved

execution time using color features is 6.78 s on LSVM. In

the second phase, classification is performed and achieved

maximum accuracy of 94.5% on NN. The other calculated

performance measures of NN such as precision rate, AUC,

specificity, sensitivity, and FN rate are 94%, 0.97, 95%,

93%, and 6.50%, respectively. The best execution time for

geometric features is 2.98 s on LSVM, whereas on NN, it

is executed in 2.98 s. In the third step, CNN features are

extracted from avg_pool and FC layer of Inception V3

model and fusion is performed through parallel approach.

The best achieved accuracy on fusion process is 93%

which is 1.5% less as compared to geometric features

accuracy. The performance of fused CNN features is finally

Table 2 Proposed segmentation

results using ISBI 2016 dataset
Image no. Dice (%) Negative rate (%) Image no. Dice (%) Negative rate (%)

1 96.3536 3.6464 21 91.678 8.322

2 92.5686 7.4314 22 94.2862 5.7138

3 96.3422 3.6578 23 96.8841 3.1159

4 94.3239 5.6761 24 96.1275 3.8725

5 97.9448 2.0552 25 94.225 5.775

6 90.9322 9.0678 26 93.2442 6.7558

7 93.0414 6.9586 27 92.1744 7.8256

8 96.1587 3.8413 28 90.625 9.375

9 90.2842 9.7158 29 94.4075 5.5925

10 95.2106 4.7894 30 94.2461 5.7539

11 97.1560 2.844 31 94.7472 5.2528

12 91.2158 8.7842 32 91.0949 8.9051

13 90.3740 9.626 33 93.8354 6.1646

14 94.2148 5.7852 34 96.0528 3.9472

15 93.1066 6.8934 35 91.6426 8.3574

16 95.1627 4.8373 36 95.3028 4.6972

17 93.6104 6.3896 37 95.1007 4.8993

18 94.0248 5.9752 38 93.9915 6.0085

19 94.859 5.141 39 96.3885 3.6115

20 97.2522 2.7478 40 94.2151 5.7849

Average (%) 94.9227 5.0773
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improved by proposed optimal selection method which

resulted in an accuracy of 96.1% on NN which is better as

compared to color, geometric and fused feature sets. The

classification performance of NN is also verified by con-

fusion matrices given in Fig. 10. Moreover, the proposed

optimal selection approach performs on the average 10%

better on supervised learning methods as coarse tree,

LSVM, cosine KNN, quadratic SVM, and M-Gaussian

SVM, whereas on NN, the 2% better results are achieved.

The classification time of each method is also plotted in

Fig. 11.

The recognition results of proposed system using

ISBI2017 dataset are presented in Table 4. The results are

described in four different steps as color features, geo-

metric features, fused features, and proposed selected

optimal features. On color features, 92.1% accuracy is

achieved through NN with a minimum execution time of

15.43 s. The recognition accuracy is improved by 1.3% on

geometric features through NN, whereas the execution time

is 28.21 s. The execution time on NN is higher as

Table 3 Recognition results on the ISBI 2016 dataset

Classifier Method Performance measures

Color Geo Fused Selected Time

(s)

FNR

(%)

Sensitivity

(%)

Specificity

(%)

AUC Precision

(%)

Accuracy

(%)

Coarse tree 4 6.87 28.0 70.0 63.0 0.72 70.5 72.1

4 3.26 36.0 64.0 46.0 0.66 71.0 68.6

4 10.89 31.0 69.0 54.0 0.74 70.5 72.7

4 9.29 11.0 89.0 84.0 0.97 89.0 88.9

Linear SVM 4 6.78 33.0 67.0 50.0 0.75 69.5 71.6

4 2.98 40.0 60.5 38.0 0.66 63.0 66.4

4 10.64 29.0 71.0 67.0 0.77 70.0 72.1

4 9.79 11.5 88.5 84.0 0.96 88.5 88.3

Cosine KNN 4 8.90 31.5 68.5 58.0 0.76 69.0 71.0

4 4.12 39.0 61.0 38.0 0.67 64.0 66.9

4 10.73 31.5 65.5 56.0 0.75 70.0 71.9

4 8.00 13.5 86.5 84.0 0.94 87.0 86.7

Quadratic SVM 4 8.95 32.5 67.5 55.0 0.70 69.0 71.0

4 3.99 36.0 64.0 43.0 0.68 67.5 69.7

4 9.93 30.5 69.5 57.0 0.71 70.5 72.7

4 6.32 12.5 87.5 84.0 0.95 88.0 87.8

Medium Gaussian

SVM

4 9.76 33.0 67.0 48.0 0.78 70.0 71.6

4 4.66 33.0 67.0 58.0 0.69 67.0 69.1

4 10.69 32.0 68.0 51.0 0.74 70.0 72.1

4 8.11 11.0 89.0 100.0 0.89 91.0 89.0

Neural network 4 17.88 8.20 92.0 92.0 0.97 91.5 91.8

4 31.00 5.50 93.0 95.0 0.97 94.0 94.5

4 25.23 7.00 93.0 95.0 0.97 93.0 93.0

4 21.01 3.90 92.0 98.0 0.95 95.0 96.1

Bold values indicate the significant results

Fig. 10 Confusion matrices of using ISBI 2016 dataset by employing

different features extraction techniques. a Color features, b geometric

features, c fusion of CNN features, d proposed selected features
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compared to cosine KNN for geometric features. The deep

CNN features are extracted in this work and achieve best

accuracy of 94.5% through NN which is better as compared

to color and geometric features. But on fusion process, the

Fig. 11 Comparison of

recognition time on different

methods using ISBI 2016

dataset

Table 4 Proposed recognition results on ISBI 2017 dataset

Classifier Method Performance measures

Color Geo Fused Selected Time

(s)

FNR

(%)

Sensitivity

(%)

Specificity

(%)

AUC Precision

(%)

Accuracy

(%)

Coarse tree 4 20.18 9.50 90.5 90.0 0.95 90.5 90.5

4 26.38 8.70 91.0 94.0 0.95 91.5 91.3

4 26.64 9.40 90.5 90.0 0.91 90.5 90.6

4 23.65 3.20 92.5 100 0.93 97.5 96.8

Linear SVM 4 19.71 8.90 91.5 90.0 0.97 92.0 91.9

4 26.32 7.30 93.0 94.0 0.96 93.0 92.7

4 31.15 7.30 93.0 93.0 0.96 93.0 92.7

4 23.04 7.10 93.0 94.0 0.91 87.5 92.9

Cosine KNN 4 16.06 10.1 90.0 88.0 0.94 90.0 89.9

4 20.01 6.70 93.0 94.0 0.96 93.0 93.3

4 31.97 9.50 90.5 91.0 0.96 90.5 90.5

4 26.15 6.40 87.0 98.0 0.95 92.0 93.6

Quadratic SVM 4 17.88 8.20 92.0 92.0 0.97 91.5 91.8

4 31.00 5.50 93.0 95.0 0.97 94.0 94.5

4 25.23 7.00 93.0 95.0 0.97 93.0 93.0

4 21.01 3.90 92.0 98.0 0.95 95.0 96.1

Medium Gaussian

SVM

4 15.81 8.10 92.0 93.0 0.96 92.0 91.9

4 20.02 5.70 94.5 97.0 0.97 94.5 94.3

4 29.26 8.20 92.0 93.0 0.97 92.0 91.8

4 24.21 5.30 92.0 97.0 0.95 91.5 94.7

Neural network 4 15.43 7.90 92.0 94.0 0.96 92.0 92.1

4 28.21 6.60 93.0 95.0 0.97 93.5 93.4

4 31.68 5.50 94.5 96.0 0.97 94.5 94.5

4 19.77 3.00 92.5 100 0.93 97.5 97.0

Bold values indicate the significant results
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execution time increases, whereas the overall accuracy is

improved as compared to color and geometric vectors. To

overcome the problem of higher execution time, a new

optimal feature selection technique is proposed in this work

which not only decreases the execution time but also

improves the recognition accuracy. The best achieved

accuracy of 97% on ISBI 2016 through NN along execu-

tion time 19.77 s. The recognition accuracy of NN on

color, geometric, fused CNN features, and optimal selected

features are also shown in Fig. 12. Moreover, the time

comparison for each classifier for various feature extraction

methods is plotted in Fig. 13. The proposed results explains

that optimal selected features provides significant accuracy

on ISBI 2017 dataset through NN as compared to other

supervised learning methods such as CT, LSVM, CKNN,

QSVM, MGSVM, and NN.

In Table 5, the recognition results are presented using

PH2 dataset. The experiments are performed on four dis-

tinct feature sets as color, geometric, the fusion of deep

CNN, and optimal selected features. For color features, a

maximum achieved accuracy of 74.50% through NN along

computation time 22.36 s. The accuracy of color features is

improved when geometric features are extracted and

reached up to 89.10% along computational time 18.46

which is also minimized. In this work, deep CNN features

are extracted from two layers of Inception V3 model and

fused by a parallel approach. The maximum achieved an

accuracy of 92.50% which is improved as compared to

color and geometric features. But the execution time is

increased for the fusion process and reached up to 29.53 s.

Finally, to resolve the problem of high computational cost,

the optimal features are selected and obtained maximum

accuracy of 97.74 and time 11.86 s on NN which clearly

shows that the proposed fusion and selection scheme out-

performs on NN using PH2 dataset as compare to other

supervised learning methods. The verification of recogni-

tion accuracy which is achieved on NN is also verified by

confusion matrices given in Fig. 14. The overall compar-

ison of computational time for all classifiers is also plotted

in Fig. 15.

4.5 Discussion

In this section, we are conducting a fair comparison with

existing algorithms in terms of accuracy, sensitivity,

specificity rate, and recognition testing time, but also pro-

viding a brief analysis of our proposed algorithm.

The comparison results are shown in Table 6. Chen

et al. [36] implemented an multi-tasking framework for

skin lesion classification. They used ISBI 2017 dataset for

evaluation and reported an accuracy of 80.1%. Yang et al.

[52] implemented CNN model for lesion classification and

achieved accuracy of 83%, sensitivity rate of 60.7%, and

specificity 88.4%, respectively, for ISBI 2017 dataset.

Khan et al. [2] used three datasets including PH2, ISBI

2016, and ISBI 2017 and achieved accuracy of 97.5%,

83.2%, and 88.2%, respectively. They also computed sen-

sitivity and specificity values for all datasets as presented in

Table 6. Harangi et al. [53] improved the recognition rate

for lesion classification and achieved accuracy of 89.1%

using ISBI 2017 which is good as compared to the existing

methods. Oliveira et al. [54] achieved exceptional perfor-

mance and obtained accuracy of 94.3%, sensitivity rate

91.8%, and specificity 96.7%, respectively. In this work,

our method outperforms for ISBI 2017 dataset by achieving

accuracy of 97%, sensitivity rate of 92.50%, specificity of

100%, and recognition time of 19.77 s. Moreover, for ISBI

2016, our method attains an accuracy of 96.1%, sensitivity

of 92%, specificity of 98%, and recognition time is 21.01 s.

Recently, the best classification accuracy is achieved by

Khan et al. [2], in which they reported accuracy of 97.5%,

sensitivity 96.67%, and specificity 98.7%, whereas our

method obtains an accuracy of 97.74%, sensitivity of

97.39%, specificity of 98.10, and recognition time is

11.60 s, which is an exceptional result compared to the

existing methods. Moreover, in the testing process, we also

compute the individual time of each step and plotted in

Fig. 16. The steps which are involved in proposed method

are contrast enhancement, HSV conversion, high-intensity-

based selection, saliency-based segmentation, parallel

feature fusion, optimal feature selection, and neural net-

work. From Fig. 16, it is clearly shown that the NN bases

step consume much time as compared to others. InFig. 12 Confusion matrices of proposed classification results on ISBI

2017 through neural network

Neural Computing and Applications (2020) 32:15929–15948 15943

123



addition, we also calculate the training execution time for

all datasets as shown in Fig. 17.

With the proposed algorithm, we are achieving more

than 94% segmentation accuracy. In the proposed

Fig. 13 Time comparison for

each classifier on different

features extraction methods

using ISBI 2017 dataset

Table 5 Lesion recognition results on PH2 dataset

Classifier Method Performance measures

Color Geo Fused Selected Time

(s)

FPR

(%)

Sensitivity

(%)

Specificity

(%)

AUC Precision

(%)

Accuracy

(%)

Coarse tree 4 10.14 15.00 63.66 63.67 0.81 64.00 71.50

4 21.89 7.66 78.33 78.34 0.94 86.67 85.50

4 26.71 6.66 83.66 83.67 0.94 82.00 86.00

4 14.65 3.00 94.00 94.00 0.98 93.67 93.80

Linear SVM 4 13.21 13.66 66.66 66.67 0.82 66.66 73.00

4 19.38 5.00 85.00 85.00 0.93 87.00 89.00

4 27.25 4.00 87.33 87.34 0.95 89.00 91.00

4 16.97 3.66 92.66 92.67 0.95 93.00 92.70

Cosine KNN 4 18.15 19.66 64.66 64.67 0.78 58.66 70.50

4 19.57 6.00 84.66 84.67 0.94 86.00 88.50

4 23.95 5.00 86.66 86.67 0.95 89.00 91.00

4 12.10 3.00 94.00 94.00 0.95 96.00 93.80

Quadratic SVM 4 23.05 14.0 66.66 66.67 0.83 67.00 72.50

4 17.37 9.66 75.33 75.34 0.88 76.00 86.50

4 28.69 2.00 87.00 86.67 0.95 89.34 91.00

4 14.93 2.66 95.00 95.00 0.98 96.00 94.80

Medium Gaussian

SVM

4 22.90 15.66 60.00 60.00 0.80 57.00 71.00

4 16.84 7.00 82.33 82.34 0.94 84.00 86.00

4 26.58 5.33 86.00 86.00 0.96 87.34 89.00

4 13.95 2.66 95.00 95.00 0.98 91.67 94.80

Neural network 4 22.36 12.66 67.66 67.67 0.80 67.66 74.50

4 18.46 5.00 85.00 85.00 0.94 86.67 89.10

4 29.53 5.33 86.00 86.00 0.97 91.70 92.50

4 11.86 1.66 97.39 98.10 0.97 91.00 97.74

Bold values indicate the significant results
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framework, improved segmentation accuracy leads to the

extraction of most relevant features, which in turn produces

good classification results. Therefore, our primary focus

here is to extract only the salient foreground, while

ignoring the background details. An addition of a prepro-

cessing step enables us to extract lesion area with greater

accuracy. In the classification phase, promising results are

achieved on all datasets such as 96.1% on ISBI 2016, 97%

on ISBI 2017, and 97.74% on PH2, and in minimum

computation time.

5 Conclusion

Early detection and recognition of skin lesion is a vital

study in the field of medical, which attracted many

researchers in the last decade. We proposed a saliency

segmentation and deep CNN-based lesion classification

approach. A contrast is improved in the first step and later

saliency map is computed for lesion segmentation. In the

features extraction step, DCNN features are extracted

through two different layers and fused by a decision-

Fig. 14 Confusion matrices for

verification of recognition

results which are achieved

through NN

Fig. 15 Time comparison for

each classifier on different

features extraction methods
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controlled parallel (DCdP) approach. Later, optimal fea-

tures are selected and provided to ANN for classification.

From the results, we can comfortably conclude that an

addition of a good preprocessing step not only increases the

segmentation accuracy, but also affect the classification

accuracy. Additionally, a selection of most discriminant

information on one hand decreases the computation time

but also improves the classification accuracy.

5.1 Limitations and future work

The limitations of this work include: (a) proposed method

is somewhat dependent on the preprocessing step (contrast

stretching), (b) addition of preprocessing and segmentation

steps make an extra computation, (c) when the number of

predictors decreases, there exist a bright chance of per-

formance degradation, especially in the case of complex

dermoscopic images.

In the future, we plan to work on CNN-based lesion

segmentation using ISBI 2017 dataset. Moreover, the

attribute-based lesion recognition is a new research area in

the direction of skin cancer. Addition to that, we are

planning to implement reinforcement learning for skin

lesion detection and classification.
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Table 6 Comparison with recent state-of-the-art articles of proposed recognition accuracy

Reference Year Dataset Accuracy (%) Sensitivity (%) Specificity (%) Recognition time (s)

Chen et al. [36] 2018 ISBI 2017 80.1 – – –

Harangi et al. [53] 2018 ISBI 2017 89.1 – – –

Yang et al. [52] 2018 ISBI 2017 83.0 60.7 88.4 –

Oliveira et al. [54] 2017 ISBI 2017 94.3 91.8 96.7

Khan et al. [2] 2018 ISBI 2017 88.2 88.5 91.0

Khan et al. [2] 2018 ISBI 2016 83.2 75.5 93.0 –

Yu et al. [55] 2017 ISBI 2016 85.5 85.3 99.3 –

Vason et al. [56] 2017 ISBI 2016 83.6 – – –

Maia et al. [57] 2018 PH2 92.5 72.5 97.5 –

Bi et al. [58] 2016 PH2 92.0 87.5 93.13 –

Khan et al. [2] 2018 PH2 97.5 96.67 98.7 –

Proposed 2018 ISBI 2017 97.0 92.50 100 19.77

ISBI 2016 96.1 92.0 98.0 21.01

PH2 97.74 97.39 98.10 11.60

Bold values indicate the significant results

Fig. 16 Individual computational time of each step

Fig. 17 Training time in minutes for selected datasets
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