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1 Introduction

Melanoma is considered as the fastest growing cancer all around the globe. Several
statistical reports suggest that skin cancer has highest mortality rate midst all cancer
types. Reports suggest that there is a significant enhancement in the cases of skin
cancer patients than compared to anyother cancer type [1].According toUSstatistical
reports, every year 5 million cases are identified with skin cancer in United States
of America (USA) [2]. The reason of skin cancer is unrestrained abnormal progress
of cells. The most common, lethal and destructive form of skin cancer is Melanoma
which has highest mortality rate all across the world. For instance, 9000 people lose
their life from Melanoma, from 91,000 cases are diagnosed every year in USA [3].
Similarly, Melanoma causes 2000 deaths from 14,000 cases and 22,000 deaths from
100,000 cases diagnosed every year in Australia [4] and Europe [5]. Moreover, most
concerning factor is that the growth in number of melanoma patients is very rapid in
recent time. For instance, melanoma cases have risen around 225% in last 30 years
[1990–2019] in USA [3, 6]. The reports suggest that the survival rate in melanoma
cases is reduced from 99% to approximately 14% [7] when diagnosed in later stages.
This paper discusses the problem and its solution in the following sections which are
as follows. In Sect. 2, background of melanoma and various existing methods are
discussed. In Sect. 3, the proposed model for segmentation technique is discussed. In
Sect. 4, experimental results are presented and Sect. 5 gives a comparative analysis,
and in Sect. 6 conclusion is discussed.
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2 Related Background

The human skin contains three types of tissues such as hypodermis, epidermis and
dermis. Epidermis consists of melanocytes which are type of a skin surface cells.
The abnormal growth of this melanocytes is the reason for deadliest Melanoma
cancer disease [8]. The affected region by Melanoma remains same as skin color in
initial stages. However, skin color becomes pink, red, purple, blue and ultimately
becomes black or dark brown due to melanocytes in later stages [9]. Melanoma is
most concerning disease in terms of diagnosis due to its metastasis characteristics
which have potential to spread.

However,Melanomacanbe cured completely, if detected in early stages of disease.
According to several research reports, the survival rate ofMelanoma patient becomes
96% in case of detection of Melanoma disease in primary stage [10]. Due to this
reason, detection of Melanoma disease in primary stage becomes a crucial priority.
However, identification of melanoma in early stages is a challenging process even
for skin experts and specialists due to high visual resemblances between malign and
benign skin lesions.Detection ofMelanoma fromnaked eye is very complex and chal-
lenging procedure. Therefore, various imaging techniques are presented by several
researchers. However, Dermoscope imaging technique is one of the most proficient
and competent technique for the identification of Melanoma in initial stages. The
accuracy ofDermoscopic high resolution andnon-invasive imaging technique is quite
high which utilizes light magnifying equipment and immersion fluid for enhancing
visualization of skin surface [11]. Various Reports states that diagnosis results are
improved by 50% for malignant cases in Melanoma using Dermoscopic imaging
technique [12]. Skin experts can deeply study the structures of skin surface using
Dermoscopy and reduction in surface reflectance provides additional advantage in
Melanoma diagnosis. However, understanding of Dermoscope imaging technique
is a challenging process even for medical experts and requires a proficient training
to study them. Therefore, a proper and effective analysis of Dermoscopic imaging
technique is very essential for the proper diagnosis of Melanoma disease.

Study of Dermoscope imaging technique consists of three key aspects such as
Dermoscope image segmentation, feature extraction ofDermoscope images and clas-
sification of these images. All three stages are very crucial in analysis of Dermoscopy
Segmentation is a primary phase for the assessment of Dermoscopic images which is
utilized for detecting lesion border in Dermoscopic images. This technique helps to
confine grazes effectively. Although segmentation process requires moderate knowl-
edge to perform lesion detection operation but variety of lesion shapes, structures,
color and sizes makes this process quite complicated. Moreover, intrinsic factors
such as hairs, blood vessels make segmentation process very complex [13]. There-
fore, development of a proficient and robust segmentation technique becomes a
challenging task. Several researchers have shown interest in developing a proficient
segmentation technique for Melanoma diagnosis.

A comprehensive analysis [14] of Dermoscope Imaging Technique is presented
in which segmentation, feature extraction and classification of Dermoscope images
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is explained in brief. Melanoma classification technique is presented in one of the
techniques for the proficient diagnosis of digital images. Here, Gaussian filter [15] is
utilized for eliminating noise. DERMIS dataset is utilized for performance evalua-
tion. Skin lesion segmentation technique is introduced in one of themethod [16] based
on adversarial training to extract discriminative features. Here, artifacts are reduced
using DenseNet sampling methods. Performance is evaluated on ISIC dataset. In a
process described [17], an automated Melanoma detection technique is introduced
using Deep-learning methods and this method is used for effective classification of
lesion pixels. ISIC dataset is utilized for performance comparison. A statistical anal-
ysis is performed on skin lesion detection, their challenges and solutions in one of
the technique [18]. Various techniques and their drawbacks are discussed. However,
there are several challenges arising while segmenting Dermoscopic images such as
skin and non-skin pixel overlap in presence of complex background, color diversity
in Melanoma affected region, existence of intrinsic factors in affected area, high
overhead, ineffective feature extraction, etc. Therefore, a research on a proficient
lesion segmentation technique is very essential to detect Melanoma in early stages.

3 The Proposed Method

3.1 Introduction to ACM

A proficient segmentation method constructed using Adaptive Contour Model
(ACM) for the identification of Melanoma disease at primary stages is required.
Besides, Gaussian samples are adopted to manage heterogeneous entities. The mean
and variance values of Gaussian samples can differ. The contour features of Dermo-
scopic image lesion can be exploited with the help of Gaussian structures. The
contour features are extracted to form a smoother boundary of a lesion using Adap-
tive ContourModel. The color pixels in demographic images may defer due to varied
contour feature extraction for different classes. Pre-processing methods are utilized
along with ADM for the elimination of noise present in Dermoscopic images. The
proposed Adaptive Contour Model (ACM)-based lesion segmentation technique is
evaluated upon PH2 dataset. The performance of proposed Adaptive Contour Model
is highly effective and can be applied in diagnosis of Melanoma.

Numerous skin cancer cases have been detected in recent years all across theworld
because of universally varying temperature. Melanoma is a harmful skin disease
whose mortality rate is 1.62% [19]. Australia and USA are the worst hit countries
by Melanoma. A survey carried out by World Health Organization (WHO) states
that every year 13 million people comes in contact with deadly Melanoma disease
[20]. Identification of Melanoma disease at primary phase is extremely essential for
the reduction of high mortality rate and diagnosis cost. Therefore, Adaptive Contour
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Model is introduced for the lesion segmentation of Dermoscopic images in prelimi-
nary phase. This section discusses about mathematical modeling of proposed Adap-
tive ContourModel (ACM) for the segmentation process of Dermoscopic images and
methods adopted to extract contour features. Moreover, Pre-processing methods are
utilized for the elimination of noise present in Dermoscopic images. The following
section discusses about mathematical representation of Adaptive Contour Model
(ACM) for effective segmentation process.

3.2 Mathematical Model

This section discusses mathematical representation of proposed ACM model for
image segmentation and contour feature extraction. The effective segmentation of
Dermoscopic images helps to identify Melanoma in primary phase. In proposed
Adaptive Contour Model after removal of noise with the help of pre-processing
block, input image is masked with the ground truth for efficient segmentation of
proposed ACM. The steps in ACM model can be represented diagrammatically in
the form of a flow chart as given in Fig. 1.

Consider representation of an image area, denoted as δ and dermoscope input
image can be expressed as K (m) : δ → X and noise exists in the dermoscope
images can be represented as j(m) : δ → X , unspecified bias region in the image
can be indicated as Z(m) : δ → X and finally, reconstructed actual signal can be
represented as L(m) : δ → X then color variation in dermoscopic image pixels can
be represented as,

Fig. 1 Flowchart representing segmentation process through ACM model
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K (m) = Z(m).L(m) + j(m) (1)

Let R entities be present in dermoscopic image domain δ then image domain of
ath entity can be represented as δa . Suppose that the reconstructed actual signal L(m)

is represented as a piecewise constant for every entity domain, i.e., L(m) = ba for
m ε δa . Here, ba can be expressed as a constant. The bias region Z(m) is always
considered to remain smooth in an image domain δ.

The noise j exist in the Dermoscopic images is always considered as Gaussian
dispersed sample error in which variance and mean can be represented as υ2

a and ωa ,
respectively, where mean is considered as zero. Therefore, variance υ2

a and mean ωa

are the two parameters which can evaluate color pixels of dermoscopic image. Thus,
Gaussian dispersed samples can define contour characteristics of image pixels.

However, effective and proficient lesion segmentation of an image cannot
be extracted using single Gaussian dispersed sample. Therefore, many Gaussian
dispersed samples are required to extract contour characteristics of diverse color
pixels for every entity domain. The Gaussian dispersed samples for their respective
entity domain δa can be expressed as,

d(K (n)|�a ) = 1
((

(2π)1/2
)
.υa

)e−(K (n)−ωa(m))2.(2υ2
a)

−1

(2)

Here, υa can be represented as standard deviation and diverse contour mean can
be denoted as ωa(m). The bias region Z(m) can be considered as zero due its slow
variation. Thus, it can be considered that,

ωa(m) ∼= Z(m).ba (3)

where �a representation can be denoted as �a = {ba, υa, Z}. For every spot m
in the image domain δ, their neighboring central area can be represented as

Pm = {n|‖n − m‖ ≤ d }. (4)

where Eq. (4) represents small neighborhood. Maximum neighborhood consid-
ered is equal to the radius of the entity. Here, d can be expressed as the radius of
neighboring central area Pm . R, non-overlapping entities are present in the image
domain δa of ath entities then the complete set of image domain δ can be represented
by the following Eq. (5),

(5)

where the intersection of δa and δc is represented by ψ where a is not equal to c.
Here, a and c are two entities.

The actual color domain Y (H) of an image can be transmitted into any other
domain X(H) with the help of mapping as,
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H : K (m|�a) → R(m|�a) (6)

Here, can be R(m|�a) further factorized as,

R(m|�a) = 1/ ia(m)
∑

nεδa∩Pm

K (n|�a ) (7)

Let, dispersion of color pixels in an image can be denoted as m and dispersion
of pixel color is an independent process and ia(m) = δa ∩ Pm . Then, its relative
probability density operation remains Gaussian for all R(m|�a) ∈ X(H) and can
be represented as,

R(m|�a ) = R

(
ωa,

υ2
a

ia(m)

)
(8)

Let, product of all probability density operation still remains Gaussian for all
R(n|�a),

K (n|�a) ∼= K (m|�a ) (9)

Here, the intersection of δa and Pm is belongs to all n, i.e., δa ∩ Pm ∈ ∀n. Then,
the Gaussian color pixel even function can be represented as

∏

nεδa∩Pm

d(K (n|� a)) = d(K (m|� a))
ia(m) (10)

where Eq. 8 is directly proportional to R
(
ωa, υ

2
a .(ia(m))−1

)
. Thus,

d(R(m|� a)) =
∏

nεδa∩Pm

d(K (n|� a)) (11)

Suppose that,

Y = {R(m|δ a),m ε δ, a = 1, 2, 3 . . . , R} (12)

where Y is a variable representing ath entity. Then, probability density operation
of the ath entity representation can be described as,

d(Y |�a ) =
∏

a∈δ

d(R(m|�a)) (13)

Then, the reconstructed combined probability density operation can be performed
using ACM for segmentation of images as,
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d(Y |φ ) =
R∏

a=1

d(Y |�a ) (14)

Which is further decomposed in Eqs. (15) and (16) and can be represented as
follows,

d(Y |φ ) =
R∏

a=1

∏

m∈δ

d(R(m|� a)) (15)

d(Y |φ ) =
∏

m∈δ

t(R(m|φ )) (16)

where φ = {�a, a = 1, 2, . . . , R}. and ∏R
a=1 d = t then,

t(R(m|φ )) =
R∏

a=1

d(R(m|� a)) (17)

Which is further factorized as follows,

t(R(m|φ )) =
R∏

a=1

∏

nεδa∩Pm

d(K (n|� a)) (18)

Form Eqs. (10) and (18), the covariate of Gaussian dispersed samples can be
extracted as follows,

t(R(m|φ )) =
R∏

a=1

d(R(m|� a)) ∝ R(ω, ρ) (19)

where t(R(m|φ )) is directly proportional to R(ω, ρ) and ω can be represented as
ρ

∑R
a=1 ia(m). ωa

(υ2
a)

and ρ can be expressed as 1
∑R

a=1 ia(m).(υ2
a)

−1 .

where the reconstructed combined probability density operation represented by
Eq. (16) provides the composition of image pixels with multiple contour class inten-
sities. The actual color pixels are transmitted to another domain which provides the
information about same class adjacent pixels of a dermoscopic image from Eq. (7).
Therefore, its classification provides noise free output result and an even border can
be achieved while segmenting the Dermoscopic images.
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4 Results

The analysis of performance for the lesion segmentation of Dermoscopic images
using Adaptive Contour Model (ACM) is discussed in this section, to detect
Melanoma skin cancer disease in primary stage. Melanoma detection at primary
phase is a very challenging process due to the presence of intrinsic factors such as
hair, blood and due to high visual resemblances between malign and benign skin
lesions. Numerous varieties of lesion shapes, structures, color and sizes make lesion
segmentation process even more challenging. Detection of Melanoma is challenging
for Experts and medical specialists as well from naked eye. However, primary stage
Melanoma detection can be found efficiently. Thus, a proficient segmentation tech-
nique based on Adaptive Contour Model (ACM) for the identification of Melanoma
disease at primary stages is presented here.

The proposed technique segregates vital entities from the backgroundof an dermo-
scopic image and reconstructs actual color information from its neighboring pixels
of same class so that an even border can be reconstructed. The contour features are
extracted to form a smoother boundary of a lesion using Adaptive Contour Model.
The performance of proposed Adaptive Counter Model is evaluated based on various
factors such as efficient counter feature extraction, noise removal and quality of
segmented image. The performance of proposed Adaptive Counter Model is evalu-
ated usingPH2data set [21]. ThePH2dataset contains 200 dermoscopic diagrams for
testing. The dermoscopic image resolution of this dataset is of size 768× 560. Out of
200 Dermoscopic images present in these PH2 dataset 40 images are of Melanoma
type, 80 atypical nevus type and 80 only benign nevi type. The proposed Adap-
tive Contour Model-based lesion segmentation technique is simulated over windows
system.Segmented images andFeatures are extracted usingMATLAB.The compara-
tive analysis of proposedAdaptiveContourmodelwith various state-of-art-technique
is presented in the following paragraph.

5 Comparative Analysis

The performance comparison of projected Adaptive Contour Model with various
state-of-art segmentation techniques based on the factors like efficient counter feature
extraction, noise removal and quality of segmented image is presented here. Pre-
processing methods are utilized for the removal of noise from the Dermoscopic
images as well as enhances the efficiency of Adaptive Contour Model. The contour
features of image lesion can be exploited with the help of Gaussian structures. The
contour features are extracted to form a smoother boundary of a lesion.

The proposed Adaptive Contour Model is compared with mFCN− PI [22], Peng
el al. [23], DCLPSI [24], FrCN [25], iMSCGnet [26] in terms of Accuracy (AC),
Jaccard Index (JA) and Dice Coefficient (DI). This index is utilized for evaluating
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Table 1 Average
performance evaluation
metrics (%)

Algorithm JA DI AC

mFCN-PI 83.99 90.66 94.24

PENG 85.00 90.00 93.00

DCLPSI 85.90 92.10 95.30

Frcn 84.79 91.77 95.08

iMSCGnet 88.21 93.36 95.71

ACM 88.95 93.97 96.77

efficiency of lesion segmentation process. The simulation results of segmentation
are very precise and proficient. Here, Table 1 shows the evaluation of proposed.

Adaptive Contour Model with various state of the art segmentation technique
in terms of AC, JA and DI. Here, Accuracy (AC) for the segmentation process
is achieved quite high as 96.77 compared to other existing techniques. Likewise,
Jaccard Index (JA) and Dice Coefficient (DI) factors are obtained using proposed
Adaptive Contour Model as 88.95 and 93.97, respectively.

The qualitative analysis of dermoscopic image present in PH2 dataset usingAdap-
tive Contour Model is demonstrated in Fig. 2 and is very proficient and effective.
Here, Fig. 2a reveals the input dermoscopy images, Fig. 2b demonstrates the ground
truth and Fig. 2c demonstrates the projected even border segmented images.

Fig. 2 Segmentation of PH2 dermoscope images column a original images b ground truth
c segmentation using the proposed Adaptive Contour Model (ACM)
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6 Conclusion

The segmentation of Dermoscopic images to detect Melanoma in primary stage is
quite challenging and complex process due to presence of hairs, blood and variety of
lesion shapes, structures, color and sizes. Therefore, in this paper, a proficient lesion
segmentation technique based on Adaptive Contour Model (ACM) for the identifica-
tion of Melanoma disease at primary stages is introduced. The contour features are
extracted to form a smoother boundary of a lesion using Adaptive Contour Model.
The proposed technique segregates vital entities from the background of a dermo-
scopic image and reconstructs actual color information from its neighboring pixels of
same class. Pre-processing methods are utilized along with ADM for the elimination
of noise present in Dermoscopic images. A comprehensive mathematical represen-
tation of proposed lesion segmentation technique is presented to evaluate contour
feature based on probability density operation. The performance of proposed Adap-
tiveCounterModel is evaluated using PH2dataset. The evaluation of projectedAdap-
tive Contour Model with various state of the art segmentation technique in terms of
Accuracy (AC), Jaccard Index (JA) and Dice Coefficient (DI). Here, Accuracy (AC)
of lesion segmentation process is quite high than any other state-of-art-techniques
which is 96.77. Similarly, factors like Jaccard Index (JA) and Dice Coefficient (DI)
are evaluated which are 88.95 and 93.97, respectively. In the future work, efficient
feature extraction and classification of lesion segmentation process will be discussed
based on proposed Adaptive Contour Model (ACM).
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