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Abstract

Background/Objectives: Melanoma cases have taken a sharp rise in recent
years all across the world which is the reason of concern for many health
institutions and the most concerning subject for many medical experts is
its high mortality rate which causes thousands of lives every year. The
main objective is to develop and evaluate a new system which can detect
melanoma at an earlier stage. Methods: An efficient lesion segmentation
method is introduced for the detection of Melanoma skin cancer disease at the
preliminary stages using Adaptive Contour Model (ACM). The dataset used here
is PH2 and ISIC Challenge 2017 Dataset images. 800 images are considered for
the testing. High-quality segmentation is achieved based on contour features
and sharp edge detection using ACM. An image is segregated into two set
functions to analyze PH2 and ISIC Challenge 2017 Dataset images. Findings:
The performance of the proposed Adaptive Contour Model (ACM) is tested
upon PH2 and ISIC Challenge 2017 Dataset. The Performance matrices for the
segmentation process are Jaccard index (JA) is 79.23, the Dice coefficient (DI) is
87.26, and the accuracy (AC) is 94.63 considering ISIC dataset. The performance
indices are such as Jaccard index (JA) is 89.14, the Dice coefficient (DI) is 93.98,
and the accuracy (AC) is 96.95 which is quite high considering PH2 dataset.
Novelty: A method for detection of melanoma has been the critical need of
the day. There are various findings available for segmentation of a medical
image. However, there is a need for a method where it is applicable when the
threshold based method may not be effective. This proposed method shows
that the performance of the Active Contour Model (ACM) is more than 95%,
which is better than other methods which lie around 92 to 94 percent.
Keywords: Contour Features; Adaptive Contour Model; Lesion Segmentation;
Melanoma; Dermoscopic Images
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1 Introduction

Recently, the number of skin cancer cases has taken drastic growth all over the world due to high global warming. Thus, the
significance of research on skin cancer detection is extremely high for various medical reasons. Skin cancer is one of the rapidly
emergent cancer in all cancer types whose mortality rate is extremely high. Melanoma skin cancer disease is one of the most
dangerous forms of skin cancer disease with the highest mortality rate in all kinds of skin cancer diseases. Melanoma consists
of malignant tumour which grows due to pigment present in the cells named as ‘melanocytes. The survival possibility of skin
cancer patients is extremely low in later stages. According to research conducted in the United States of America (USA), every
year 90 thousand new cases of patients are diagnosed with skin cancer disease in the USA(). The diagnosis of skin cancer
disease is an extremely challenging procedure for medical experts and doctors, especially in advanced stages. However, early
identification of skin cancer disease and timely diagnosis of this disease can provide extremely positive results. Skin cancer
disease can be diagnosed proficiently using the methods like “ABCD rule “and “7-point checklist” etc. Skin cancer disease can
be of various types. However, Melanoma skin cancer disease is extremely fatal, rapidly spreadable, and most challenging in
terms of diagnosis in all skin cancer types.

According to a study conducted by the American Cancer Disease Society, around 1 lakh cases are identified with Melanoma
skin cancer disease in the USA in 2019. There are several techniques which can detect the presence of skin cancer. Here the
main concern is the time taken. If the time taken is more, it may prove fatal ®). Few techniques used to detect have proved to be
accurate. The need of the hour is to detect melanoma in early stage. Few methods deal with a particular data type, whereas the
dataset proposed here is quite vast. Around 800 images with varying colour, border and texture have been tested. Few advanced
algorithms have been used to cover the gap that exists. Few existing methods were surveyed to understand the existing methods
and to overcome their drawbacks

The early identification of Melanoma skin cancer disease is an extremely challenging process. Various methods can be utilized
for the identification of Melanoma detection such as clinical trials, dermoscopic image analyzation, visual screening, biopsy
etc. Melanoma disease mainly comes with a black or brown color but can be transformed into blue, slight purple, or skin-type
color. In traditional methods the patient had to visit an experienced dermatologist. Due to advanced methods the diagnosis
has become faster, which can lead to reduced death rate®. The main steps involved are image acquisition, preprocessing to
remove noise, segmentation, followed by extraction and classification. The most extensively used traditional method used
was ABCD method, which considered asymmetry, border, colour and diameter of the affected area™. Therefore, the Lesion
segmentation of these Dermoscopic high-resolution images is the fundamental phase in the proficient diagnosis of Melanoma
disease. The significance of the segmentation process is extremely high in medical applications for treatment management and
disease analysis. However, the lesion segmentation procedure is a highly critical process due to the presence of different textures,
structures, patterns, colors, sizes and lesion positions in these Dermoscopic images. The additional influencers such as hairs,
air bubbles, blood vessels and lightning color can make segmentation process even more critical and challenging for medical
experts. Therefore, several researchers have shown their interest in this area by providing various segmentation techniques to
identify melanoma disease in its initial stages.

Few Recent literature works in image segmentation is discussed here.

In®, a whale optimization process is adopted for effective lesion segmentation of the Dermoscopic images over the cloud
based on encrypted privacy-preserving architecture. Segmentation of images is obtained in this method by segregating the
encrypted images into clusters and a unique centroid is represented for every pixel of encrypted image. In‘®, an efficient
image segmentation of Dermoscopic images is achieved based on the two algorithms such as GrabCur and You Only
Look Once (YOLO). This method is tested upon PH2 as well as ISIC Challenge 2017 dataset. In ), an automated lesion
segmentation method is presented based on the mutual bootstrapping architecture. Deep neural networks are utilized for
effective classification of Dermoscopic images. This technique addresses the problems of dice loss and rank loss in classification
process that is caused due to class and pixel imbalance. However, the significance of classification in segmentation process is
not discussed comprehensively. The above literature states that there have been several research works are contributed towards
Melanoma segmentation process. However, only few techniques are implemented in practice and various segmentation issues
faced by medical experts in real time practice such as artifacts, fuzzy boundary issues, lesion position identification issue, lesion
pixel and neighbouring skin area imbalance problem, pixel overlapping problem, presence of intrinsic features like hairs, blood
vessels etc. These factors make segmentation process challenging and complex. Therefore, a proficient technique is required for
proper lesion segmentation and removal of artifacts in the Dermoscopic images.

Skin cancer cases have emerged with its full potential in recent years which has enhanced the significance of skin disease
identification in preliminary stages. Moreover, Melanoma skin cancer disease is the most concerning all skin cancer types due
to its high death rate. Therefore, various researchers have suggested that comprehensive study of Dermoscopic image lesions
can prove to be a very significant process to deal with Melanoma disease. However, study of Dermoscopic images directly
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depends upon three crucial aspects like segmentation, feature extraction and feature classification. Here, Segmentation is the
preliminary stage to understand Dermoscopic image lesions and for the identification of Melanoma cancer disease. Therefore,
several researchers have focused their attention to Melanoma disease analysis. Some of the recent researches has been presented
in following paragraph.

In®, a skin lesion segmentation technique is introduced with the help of DenseUnet Network in coordination with
attention-based Adversarial Training. DenseUnet Network Architecture is utilized to ensure maximum information extraction
from multiple layers of Dermoscopic images. This model is evaluated upon ISIC Challenge 2017 dataset. In(®), skin cancer
diagnose technique is adopted with the help of Melanoma and Nevus classification process of medical images. Gaussian filter
is utilized for mitigating noise from digital images. The performance of this model is evaluated upon DERMIS dataset. In 1),
deep learning techniques are introduced for the segmentation of Melanoma Dermoscopic images. The main focus of this article
is efficient lesion boundary segmentation. Various lesion types are detected using this technique. This model is tested upon
PH2 as well as ISIC Challenge 2017 dataset. In(!"), a skin lesion segmentation technique is presented based on the feature
learning and decision fusion. Bi-directional feature learning architecture is adopted to evaluate critical correlation coefficient
between images. Convolutional Neural Network (CNN) is utilized for improvement of passing efficiency. Decision fusion is used
to explain consistency of decision at every position. In(1?), an automated Melanoma identification model has been adopted
based on the deep learning techniques. For enhancement in the efficiency of feature extraction, an encoder-decoder model
is introduced. Pixel-wise classification is conducted on Dermoscopic images. In!3), a deep learning framework is presented
for the automation of skin cancer identification using Dermoscopic images. Here, fine-grained features are extracted using
Lightweight CNN architecture. The performance of this model is evaluated upon ISIC Challenge 2016 dataset. In'), a skin
lesion segmentation technique is introduced which works in coordination with Patch-based CNN architecture. This model
mitigates the class imbalance issues identified in classification process. For ground truth annotation a loss weighted strategy is
adopted. The performance is tested upon SPC dataset using this technique. In 1*), an automated lesion segmentation technique
is introduced and lesion shape, diameter, color symmetry of Dermoscopic images is evaluated. A decision tree classifier is
adopted for evaluation of color symmetry between images. Color features are extracted using this model. In !®) One of the major
challenge in the field of medical image processing, which is uneven surface illumination and nonuniform intensity, which are
triggered by the site of a convex surface or light source is addressed. The paper addresses the issue in three main stages. Firstly,
it finds the Pre-fitting reflectance, secondly reconstruction in the image domain takes place, Finally the difference between low-
frequency component to approximate the reflectance and the global domain are noted. In‘!”) the author considers the image
segmentation, where the author has used edge based information. The inputs are vector based region and edge information, that
can be applied to multi-modal images, multi-channel images efficiently. The proposed method uses Edge based and Contour
based methods.

The above mentioned literature presents various techniques for efficient segmentation of Melanoma and Non-Melanoma
images. However, several experts have issues in real-time implementation of these techniques and various issues are identified
by several researchers while segmentation of Melanoma disease on Dermoscopic images. Some of the issues are presence
of articfacts, texture identification, color symmetry issues, unknown lesion sizes as well as their positions and intrinsic
features like hairs, blood vessels etc. Therefore, to counter these issues and for the detection of Melanoma in preliminary
stages an efficient lesion segmentation method is realized based on Adaptive Contour Model (ACM) and timely comprehensive
assessment of Melanoma disease is also discussed.

2 Methodology

Melanoma is one of the most dangerous skin cancer among all the possible skin cancer diseases. However, melanoma can
be treated efficiently if identified in the initial stages. Thus, Image segmentation is quite important for the early detection of
skin cancer diseases. There are some classical segmentation models that have been already presented by various researchers.
However, segmentation is quite a challenging process due to the availability of a few artifacts like pixel overlapping problems,
and the presence of intrinsic features like hairs, blood vessels, etc. Therefore, the proposed Adaptive Contour Model (ACM)
is adopted to analyse dermoscopic images and get high segmentation accuracy, and segment proper boundaries with accurate
edges.

An efficient lesion segmentation method is realized for the detection of Melanoma skin cancer disease at preliminary
stages and timely comprehensive assessment of Melanoma disease based on Adaptive Contour Model (ACM). The proposed
Adaptive Contour Model can be effectively utilized to manage heterogeneous entities with the help of Gaussian prototypes. The
proposed AC model extracts contour features from the Dermoscopic image lesions in coordination with Gaussian structures.
The proposed AC model extract contour features of various classes adaptively due to which color pixels of Dermoscopic image
lesions can be varied. Artifacts Present in the Dermoscopic image can be mitigated using the proposed AC model along with
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pre-processing strategies.

A comprehensive mathematical representation of proposed Adaptive Contour model is presented in this article. The datasets
used for testing are PH2 and International Skin Imaging Collaboration (ISIC) Challenge 2017 Dataset. Both the datasets consists
of Dermoscopic images and their respective Ground Truth (GT) images. Moreover, PH2 dataset contains 200 Dermoscopic
melanocytic lesions for testing. The size of all PH2 Dermoscopic images is 768 x 560. This dataset covers three main disease
types such as normal nevus, unusual nevus and Melanoma in the ratio of 80 : 80 : 40 images respectively. Similarly, ISIC
Challenge 2017 Dataset contains total number of 2000 Dermoscopic images. All the 2000 Dermoscopic images are utilized for
training, then, 600 Dermoscopic images are taken for testing and 150 images are utilized for validation purpose. The resolution
of all ISIC 2017 Dermoscopic images changes from 4499 x 6748 to 540 x 722 pixels. Moreover, ISIC challenge 2017 dataset
contains 1372 normal nevus images, 254 keratosis images and 374 Melanoma images. Based on visual efficiency and comparison
with various state-of-art-techniques in terms of different evaluation parameters such as accuracy, specificity, Jaccard Index and
Dice coefficient. The proposed Adaptive Contour Model (ACM) provides satisfactory results for the segmentation process.

2.1 Contour Feature Extraction using Adaptive Contour Model (ACM)

Several researchers have made their efforts in bringing down the mortality rate of Melanoma cases. The foremost phase to
achieve this is a comprehensive study of Dermoscopic images, their patterns, structures, lesion sizes, positions etc. However,
Image Segmentation, Feature extraction and Feature Classification have the direct impact on Dermoscopic image analysis.
Therefore, Segmentation of Dermoscopic images is one of the most significant and critical phase in Melanoma disease detection.
Thus, a comprehensive mathematical modelling for segmentation of Dermoscopic images based on the proposed Adaptive
Contour Model (ACM) is presented in the following section

Assume that the input Dermoscopic image fed to the proposed Active Contour Model (ACM) can be represented as
M(y): A — Z where A is a subset of a set Z¢ and A can be described as spatial field of an image. The boundary function
for the sub-domains of an image can be described by a function v(y) : A — Z where v changes across the boundary of sub-
domains. Similarly, the Contour function for a Dermoscopic image can be expressed as P (h) : Z — A to analyse edges of the
sub-domain. Then the energy distribution function can be represented by the following equation,

SWP)= [ (M—v)*.dx+Q[
g % Vo2 dx+wlP| (M

Where, Q and w are the two constants which remain positive and Contour size can be expressed as |P|. An efficient segmentation
of a Dermoscopic image can be obtained by minimizing energy distribution function shown in the Equation (1) with
corresponds to |P| and [v|. Equation (1) can be minimized by considering two set functions such as A;,(p)U Ay (p) = A and
Ain(P) N Aous(p) = P where the image fields A can be disengaged by Contour P. An image is segregated into different image fields
and for every image field two set functions can be utilized. Then, the energy distribution function can be simplified using the
proposed Adaptive Contour Model (ACM) by the following function as,

S(f1s 1sP) = fiuipy M= f1)*dx+ [0y (M= f1)? dx+ w]P| (2)

Where, the constant parameters f and f> are utilized to estimate the color pixel present inside and outside of a Contour
P correspondingly. Further simplification of energy distribution function in Equation (2) provides the energy minimization
function. Hence, the set function ® (y) : A — Z represents the Contour function P (h) : Z — A as,

P=[yel |O(y)=0] 3)

Then, the Dermoscopic image can be estimated with the help of two boundary functions vt (y) and v~ (y). Here, image fields
for corresponding two boundary functions v (y) and v~ (y) can be represented as,

Pr=[yed |O() 0] )

P =[yea |6(y) <0 (5)
Then, the energy minimization function using the proposed Adaptive Contour Model can be represented as,
SO, v,0) = J, (v — M) (R(O)).dx—+ Q f; [V (R(0)) dx

+ [, =M)* (1-R(®)).dx+ Q [, [Vv|*(1-R(0)).dx (6)
+w [, |[VR (©)|.dx
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I, i=0
0, i<0

Here, consider spatial image field can be represented as A and artifacts present in the available dermoscopic images is denoted
asb(y) : A — Z,undetermined bias area in the dermoscopic image is expressed as X (y) : A — Z and At the end, reconstructed
original image signal is indicated as K (y) : A — Z then color pixel difference in dermoscopic images is given by,

M(y) =X (y).K(y)+b(y) (7)

Where, R (W) is a unit step function which can be represented byR (i) = {

Consider, spatial image field A consists of G number of entities then spatial image field of d"” entity is denoted by A,4. Consider
that for each entity, reconstructed original image signal K (y) is expressed as a piece wise constanti.e. K (y) = f; where y belongs
to all values of A, and f; behaves as a constant that represents the color variation feature of the a'* entity. The undetermined
bias area in dermoscopic images helps to find out proper boundaries of spatial image fields A and works as a smooth function.
The artifacts present in the dermoscopic images are Gaussian type whose mean and variance parameters can be denoted as
Qg and 8,% correspondingly. Here, mean parameter is taken as zero. Moreover, the color pixels of the spatial image field A can
be estimated with the help of mean and variance parameters whereas Contour features of pixel color can be determined using
Gaussian samples. However, several Gaussian samples are required to achieve high quality image segmentation. Moreover,
for each entity field one Gaussian sample is considered to evaluate Contour features. Then, the Gaussian sample for their
corresponding entity field A, can be represented in the following equation as,

1 — (M(e)- Q) (283) "

h(M(c)(ya) = Wff (8)

Where, M (c) is the image under consideration and y, is used to represent features of the a’’* entity and variance deviation is
denoted as 8, and diversified mean is expressed as Q (y). Consider, undetermined bias area X (y) in the dermoscopic image
as zero as it shows very less variations and can be represented as,

Qi (y) =X (y)-fa )

Here, v, is indicated as y; = (f;, 84, X} and the adjacent central field of spatial image field A for each y is given as,

Ry = {cllle =yl < u} (10)

Where, Equation (10) represents small neighbourhood. Maximum neighbourhood considered is equal to the radius of the entity
and radius of adjacent central field R, of spatial image field A can be denoted as /. Here, the number of non-overlapping entities
are available in the input image M (y) is G whose spatial image field of " entity is denoted by A 4. Then, the full set of spatial
image field A can be determined as,

A= g-1,..6M (11)

Here, A; and A, intersection gives the value of ® where for all values d # a. Where, d and a are two entities. The reconstructed
color pixel region L(E) can be transformed into another domain say Z (E) by using mapping methods and determined by
Equation (12),

E:M(ylya) = T(y|wa) (12)

Here, Equation (12) is further simplified by the following step,

T(IWa) =1/94(y) Leeaynr, M(cla) (13)

Moreover, color of pixels is autonomously dispersed throughout the image and their dispersion can be shown by y hence
qq(y) = Ag N Ry. Then, the relative density of continuous random color pixels is recognized as Gaussian type for each
T(y|yy) € Z(E) and can be expressed as,

T >—G(Q 53) (14)
YY) = d’CId(y)
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Consider that product of each relative density of continuous random color pixels still recognized as Gaussian type as shown in
Equation (15),

M(c|ya) = M(clya) (15)

Here, the intersection of A; and Ry, corresponds to all values of c. Then, the Gaussian function for relative density of continuous
random color pixels is defined by the following Equation (16),

[ee ayom, (M (c(¥ ) = h(M (y(y )" (16)

Here, from Equation (14) it is evident that both Gaussian distribution function then [].¢ 5,nz, 7 (M (c(v,)) is directly
proportional to G (Qd, 82. (qu (y))71>.Theref0re,

h(T (y(v ) = Tee agrr, h (M (c(y 1)) (17)
Consider that,
L=A{T(y(v,),yer, d=123......,G} (18)

Here, L is a variable representing d'” entity. Then, relative density of continuous random color pixels of the d'" entity is defined
as,

h(L(ya) = Tlyea h(T (y(¥4)) (19)

Then, the reconstructed joint relative density of continuous random color pixels is determined with the help of proposed
Adaptive Contour Model (ACM) for dermoscopic image segmentation as,

h(L(¥) = TTg A (L(va) (20)
Here, Equation (20) can be further simplified in Equations (21) and (22) and is defined as follows,
h(L(¥) = T T e (T (v ) 1)
h(L(Y) =T ean(T 6(¥)) (22)
Where, ¥ = {y,, d =1,2,..,G}. And[[$_, h = n then
n(T (v(¥)) = TIE_ A (T (v ) (23)
Here, Equation (23) is further simplified as follows,
n(T (y(¥)) = TG-1 e g, h (M (c(w ) (24)
With the help of Equations (16) and (24), the dispersion of covariate Gaussian samples is obtained as follows,
n((T (y(¥))) =TG- h (T (v ) =G (Q.0) (25)

Here, h(T (y(y,)) is directly proportional to G (Q, @) and Q is defined by ¢ Y5 94 (y). (‘(';—g) and ¢ is defined
d
1

Y56 o (o)
Y144 (y)- (’54)
Moreover, the logarithm energy function k () can be represented with respect to /2 (L|'¥) as shown in Equation (22),
k(¥) & —logh(L|¥) (26)
Here, Equation (26) can be further simplified by following equation,

k(®) £ p— X1 Ja aynie, Llog(h(M (c(y ). dy.dx (27)
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Here, p is a constant parameter and Assume that, for the area Ry, in the image field A , x, (y,¢) defines as a measure function
and expressed by the following equation,

1 = =<
X (y,C)Z{ 07 HC YH u (28)

else

From Equations (8) and (29), the constant parameter p can be removed and logarithm energy function k (¥) is redefined as,

k() = £51 fy Jy, 2 000) [10g (80)+ { M () =X ) 1)} (287) '] (29)

Here, reconstructed joint relative density of continuous random color pixels is expressed by the above Equation (22) which
gives information about pixel structure and pixel color of various contour classes. From the Equation (13), it is observed that
the reconstructed color pixel region can be transferred to another image field of similar color pixel region. Thus, the proposed
model provides output without any artifacts and hence the quality of segmentation remains very high and sharp edges can be
obtained while segmentation of dermoscopic images.

3 Results and Discussion

Contour feature extraction and lesion edge detection provide proficient segmented output result with sharp boundaries.
Gaussian Artifacts are removed using pre-processing methods. The proposed Active Contour Model (ACM) is compared
with various recent state-of-art-segmentation-techniques for Melanoma detection in order to validate the robustness and high
efficiency of the proposed ACM. The Segmentation of Dermoscopic images using proposed Adaptive Contour Model (ACM)
is achieved with 64-bit Windows 10 OS and intel core processor with 16 GigaBytes (GB) RAM. The comparative analysis of
proposed Adaptive Contour model is presented with the help of segmentation performance evaluation matrices which are
Jaccard index (JA), Dice coeflicient (DI) and accuracy (AC). This evaluation matrix can be defined by the following equations
as,

JA = ’trp‘ . [|trp| + ’fsp| + ‘f:&‘n']il (30)
AC = [t + [l ] [[trp] + el + [ ip| + | finl] ™" (31)
DI= [2 X |tpp|]. [2 X [trp| + |fsp|+\fm|]_1 (32)

Where, t,,, represent true negative values, #,, represents true positive values. Similarly, f;, represents false negative values and
fsp represents false positive values.

3.1 Segmentation Quality Comparison

This section discusses about the quality of segmentation using the proposed Active Contour Model (ACM) over PH2 and ISIC
Challenge 2017 Dermoscopic images. All the 200 Dermoscopic images present in the PH2 dataset is tested using proposed
ACM and segmentation quality is evaluated based on Jaccard index (JA), Dice coeflicient (DI) and accuracy (AC) matrices.
The robustness of the proposed ACM is validated for PH2 dataset by comparing segmentation results with various state-
of-art-techniques. The quantitative performance of PH2 dataset is presented in and the qualitative performance of PH2
dataset is shown in Figure 1(a -c row). All the three segmentation evaluation matrices show significant improvement. The
quantitative performance of PH2 dataset is compared with recent state-of-art-techniques like, Peng et. al. 9, Xie et. al.(""),
Goyal et. al. ?, iMSCGnet ?V and qualitative performance of PH2 dataset is compared with different applications of
iMSCGnet ?) Segmentation technique as shown in Figure 1 (a —c row). The performance results are highly superior to any other
state-of-art-techniques using proposed ACM for PH2 dataset. The performance matrices indicate high quality of segmentation
process. Thus, the performance indices are such as Jaccard index (JA) is 89.14, Dice coeflicient (DI) is 93.98 and accuracy (AC)
is 96.95 which is better considering PH2 dataset.

Similarly, all the 600 Dermoscopic images present in the ISIC Challenge 2017 dataset is tested using proposed ACM.
Moreover, the proposed ACM outperforms state-of-art-techniques in terms of Jaccard index (JA), Dice coefficient (DI) and
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accuracy (AC) matrices. The robustness of the proposed ACM is validated for ISIC Challenge 2017 dataset by comparing
segmentation results with various state-of-art-techniques. The quantitative performance of ISIC Challenge 2017 dataset is
presented in Table 2 and the qualitative performance of ISIC Challenge 2017 dataset is shown in Figure 1(d-f) and Figure 2. The
quantitative performance of ISIC dataset is compared with recent state-of-art-techniques like, FocusNet *?), Lie et. al.*>), PA —
Net @, iMSCGnet Y and qualitative performance of ISIC dataset is compared with different applications of iMSCGnet 1
Segmentation technique as shown in Figure 1 (a —c row) and Figure 2. The quality of segmentation images is very similar to the
Ground Truth (GT) images due to accurate contour feature extraction and edge detection using proposed Adaptive Contour
Model (ACM). All the three segmentation evaluation matrices show significant improvement. This validates that the proposed
ACM will be very significant for various medical applications. The performance results are highly superior to any other state-
of-art-techniques using proposed ACM for ISIC Challenge 2017 dataset. The performance matrices indicate high quality of
segmentation process. Thus, the performance indices are such as Jaccard index (JA) is 79.23, Dice coeflicient (DI) is 87.26 and
accuracy (AC) is 94.63 which is quite high considering ISIC dataset. Figure 3 represents Segmentation results Comparison of
proposed ACM with State-of-art-techniques considering ISIC dataset

Table 1. Comparison of proposed ACM with other methods over PH2 dataset

Methods Jaccard Index (JA)  Dice Coefficient  Accuracy (AC)
Penget.al.® 8500 90.00 93.00
Xieet.al. (9 85.70 91.90 94.90
Goyal et.al. 8390 90.70 93.80
iMSCGnet V) 88.21 93.36 95.71
Ours (ACM) 89.14 93.98 96.95

Table 2. Comparison of proposed ACM with other methods over ISIC dataset

Methods Jaccard (JA)  Dice Coefficient  Accuracy (AC)
FocusNet @2 7562 83.15 92.14
Lieet.al.® 76,50 86.60 93.90
PA — Net @ 77.60 85.80 93.60
iMSCGnet @V 77.60 85.83 93.58
Ours (ACM) 79.23 87.26 94.63

IMSCGnet iMSCGnet iMSCGnet iMSCGnet iMSCGnet iMSCGnet iMSCGnet Proposed
+CON +CON +CFs +CFs + CAs +CFs +CFs ACM
+SS +MS +S§ +MS +MS +CAs +CAs

(@)

—
@
<

’r

B

Fo.Fo . R P o e P

Fig 1. Qualitative Comparison of proposed ACM with applications over two datasets. The samples in row (a-c) and row (d-f) are from
PH2 and ISICI2017, respectively. Red and blue contours are ground truths and segmentation Outcomes, separately
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Fig 2. Segmentation results Comparison of proposed ACM with applications of iMSCGnet Algorithm considering ISIC dataset
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Fig 3. Segmentation results Comparison of proposed ACM with State-of-art-techniques considering ISIC dataset

4 Conclusion

Melanoma skin cancer disease detection in preliminary stages can save thousands of life every year due to its high mortality rate
in advanced stages. Therefore, an efficient lesion segmentation method is realized for the detection of Melanoma skin cancer
disease at preliminary stages and timely comprehensive assessment of Melanoma disease based on Active Contour Model
(ACM). High quality segmentation is achieved based on contour features and sharp edge detection using ACM. Probability
function is utilized for color pixel transformation from one domain to another in its neighbouring area.

Gaussian noise present in Dermoscopic images is removed using pre-processing methods. A comprehensive mathematical
representation is presented for Gaussian noise removal, contour feature extraction and accurate edge detection to enhance
segmentation quality. The robustness of the proposed ACM is validated for PH2 dataset and ISIC Challenge 2017 dataset
in comparison with various state-of-art-techniques. The quantitative and qualitative performance evaluation of PH2 dataset
and ISIC Challenge 2017 is shown in comparison with various state-of-art-techniques considering performance matrices like
Jaccard index (JA), Dice coefficient (DI) and accuracy (AC). The performance indices are such as Jaccard index (JA) is 89.14,
Dice coefficient (DI) is 93.98 and accuracy (AC) is 96.95 which is quite high considering PH2 dataset. Similarly, Jaccard index
(JA) is 79.23, Dice coefhicient (DI) is 87.26 and accuracy (AC) is 94.63 which is also quite high considering ISIC dataset.
Therefore, the performance matrices indicate high quality of segmentation process and can be utilized in several medical
applications. Every research work has its own advantages and limitations. However, the main cause for limited results can
be improper removal of artifacts or improper training or inadequate resources or inaccurate modeling of the proposed model,
etc. This can be further improved with advanced methods for removal of artifacts.
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