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ABSTRACT 

This paper was aimed to develop a computer-aided detection (CAD) system 

which may support dermatologists in their early diagnosis of skin cancer 

from dermoscopic images. Segmentation play key role in the automatic 

detection of skin lesions. In this paper Gaussian Mixture Model-based 

Hidden Markov Random Field (GMM-HMRF) region-based segmentation 

method was used. The technique is fast and automated for dermoscopic 

images and is used in quantitative experimental analysis for publicly 

available data base and compared with two other well-known methods.  The 

results revealed that the proposed method was highly accurate. The proposed 

segmentation technique achieved remarkable results for nevus images 

[accuracy (ACC) = 97.21%, sensitivity (SE) = 95.43% and specificity (SP) = 

91.76%]; while for benign images (ACC = 96.15%, SE = 96.26% and SP = 

95.32) and basal cell carcinoma & Seborrheic keratoses images (ACC = 

96.85%, SE = 96.85% and SP = 97.34) the results were almost same. 
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INTRODUCTION 

Most violent tumor in humans is melanoma (Celebi et al., 2009; Marchetti et al., 2017) and is often 

fatal if unnoticed in time. The frequency of melanoma is 4% amongst the all dermatologic diseases 

(Sadeghi, et al., 2012). Further, the assured skin cancers cases have 80% chances of death and only 

14% patients with metastatic melanoma can persist up to 5 years. The malignant melanoma has 

>95% cure rate if noticed in early phase (Sadeghi, et al., 2012). Hence, there is an urgent need to

develop improved methods which may improve diagnostic precision and help dermatologists in

early detection as it is the only way to reduce death chances from melanoma (Abbas et al., 2013).

Dermoscopy is a vital tool in the initial analysis of melanoma. Dermoscopy images  are formed by

uniting optical magnification by any liquid immersion or cross polarized lighting (Barata et al.,

2014), with a low angle-of-incidence lighting (Abbas et al., 2013). Dermoscopy images provide

amplification of lesions thus ensure better analysis of specific features of lesion with respect to

symmetry, border, size and distribution of colour. An automatic computer-aided diagnostic (CAD)

system consists of 4 parts involved in i) acquisition of image, ii. image filtering, iii. segmentation of

lesion, and iv. classification (Huang et al., 2013). Segmentation section is very important which can

muscularly affect the accuracy of CAD system (Barata et al., 2015; Abbas et al., 2017). Irregularity

and border information are also important for lesion diagnosis. Segmentation permits the removal

of the area of interest of an image (Sadri et al., 2013; Barata et al., 2016). So proper segmentation

of skin lesion is essential for analysis because several artifacts like hairs, shadow, bubble, skin lines
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and reflections might affect the accuracy (Übeyli, 2009). The result obtained by GMM-HMRF 

segmentation are reportedly smoother than those of direct Fuzzy C-means and Otsu methods.  

Threshold based segmentation technique are histogram thresholding (Pirnog et al., 2015; 

Celebi and Mishra, 2016), adaptive thresholding (Wang et al., 2011) and clustering. Dissimilar 

thresholding approaches can be united together. In region-based techniques pixel-approaches are 

used in grouping through a region-growing method for automatically removing the lesion of 

dermoscopy image (Bagci et al., 2013).  Four techniques are measured for the construction of 

ensemble: i) maximum entropy, ii) fuzzy likeness, iii) Otsu’s clustering and iv) minimum error 

thresholding (Singh et al., 2018). The performance of thresholding technique is better if there is 

greater difference between adjacent skin region and lesion area, otherwise the segmentation 

precision may decline. Thresholding approaches can flop when images with major extent of hair or 

bubbles (Cremers et al. 2007).  

Edge and contour approach deals with the edges or discontinuity of dermoscopic images. An 

active contour method, created on gradient vector flow (GVF) snakes for contour extraction, is 

defined by Sadeghi et al. (2012). An improvement of GVF built on mean shift (MSGVF) was 

developed by Wang (2012b). Both active contour and adaptive snake techniques are applied for the 

segmentation of skin lesion (Silveira et al., 2009). Edges are mainly gathered in strokes and then 

each stroke is classified in adaptive snake algorithm (Wang et al., 2011; Yu et al., 2017). Each 

stroke contains confidence level and expectation-maximization (EM) algorithm is applied for the 

confidence levels to evaluate the object contour. The active contour through level set technique has 

also been demonstrated (Arbeláez et al., 2011; Pirnog et al., 2015). Edge and contour-based 

methods usually fail in the attendance of air bubbles or hair and when the changeover between 

lesion and the nearby is even.  

Scanty information is available on region-based segmentation which assumes that any image 

has two regions: i) skin, and ii) lesion. Spatial segmentation and colour quantization, also called 

JSEG technique, has been employed for the segmentation of skin lesion images (Cremers et al., 

2007). Statistical region merging (SRM) technique is also employed (Scharfenberger et al., 2013) 

and it gives the image as detected case of an unidentified hypothetical image whose geometric areas 

are to be recreated. The present study was aimed to develop a computer-aided detection system, 

using region-based segmentation technique, which may support dermatologists in their early 

diagnosis of skin cancer from dermoscopic images. 

MATERIALS AND METHODS 

GMM-based HMRF 

Markov random field’s (MRFs) technique is widely used in image processing issues like image 

segmentation (Wang, 2012a), surface reconstruction (Grady, 2006), depth logical thinking (Glaister 

et al., 2014), etc. Its success is attributed to the economical algorithms such as iterated conditional 

modes (Eigen et al., 2014), and it’s thought of each “data faithfulness” and “model smoothness”

(Wang, 2012b). HMRF-EM method was initially proposed for segmentation of brain MRI

pictures (Zhang et al., 2001). For simplicity, it is assumed that intensity distribution of every region 

to be segmental follows a normal distribution of 2D gray-level image. 

A picture is bestowed as Y = (y1 .…. yN) wherein N is the number of pixels and yi is the 

concentration of gray-level of a pixel. The configuration of labels is outlined as X = (x1, . . . , xN ) 

where l ∈ L and L are that the set of all probable labels. During a binary segmentation downside, L 

= {0, 1}. Here X is label then MAP measure satisfies: 

arg max{ ( / ) ( )}
X

X P Y X P X= ………. (1) 

Here former probability P(X) is a Gibbs distribution, and the combined likelihood probability is: 
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( / , ) ( / , )i

i

P Y X P y X =
  = 

( / , )i i xi

i

P y x 
    ………. (2) 

where ( / , )i i xiP y x  is Gaussian distribution with parameters ( , )xi xi xi  = and  = {θl |l∈ L} as 

learning parameters. 

The intensity scattering of every region follows a normal distribution with parameters 

( , )xi xi xi  = . However, this can really be a robust hypothesis that is meant to model the

complexness of intensity distribution of real-life objects, particularly those with multimodal 

distribution. Gaussian mixture model (GMM), in distinction, is additional authoritative for 

modeling complicated distributions than one single Gaussian distribution. A Gaussian mixture 

model with ‘g’ parts is drawn by parameters: 

 ,1 ,1 ,1 , , ,( , , )......, ( , , )l l l l l g l g l gw w    =  .. …… (3)  

Compared with Eq. (7), the GMM now has a weighted probability. After comparison between 

Gaussian mixture model and Gaussian distribution function Eq. (4) is formed given as below. 

( )
1

, ,( , ;  ,  )
g

mix l

c

l c l cG z µG z 
=

=  ………. (4) 

Now, the M-step of EM-algorithm delineate below for Gaussian mixture model fitting downside. 

The GMM fitting downside itself is additionally solved by means of associate in Nursing EM-

algorithm. E-step confirm that the information ought to belong to Gaussian components, then M-

step further calculates the GMM parameters. 

Expectation maximization (EM) algorithm for parameters 

In the proposed algorithm, 2-D gray-level and Gaussian distribution assumption have been 

used. The EM- formula was used to estimate the parameter set   = {θl |l ∈ L}. EM algorithm can be 

defined as: 

1. It is assumed initial parameter (0) .

2. E-step: Conditional expectation at tth iteration, calculated as:
( ) (0)( / ) [ln ( , / ) / , ]tQ E P X Y Y   = ( )( , / ) ln ( , / )t

X x

P X Y P X Y


 = ….. (5)

Here X is the set of all probable formations of labels. 

3. M-step: To maximize ( )( / )tQ   to get the subsequent estimate: 
( 1) ( )arg max ( / )t t

x

Q  + = ………… (6) 

Then let ( 1)t + → ( )t and repeat from the E-step.

Assumed ( , )lG z  is a Gaussian distribution function having parameters ( , )l l l  = : 
2

22

( )1
( , ) exp( )

22

l
l

ll

z
G z






−
= −

………… (7) 

And the previous probability can be presented as 
1

( ) exp( ( )P X U X
Z

= − ………….. (8) 

where ( )U X is the previous energy function; and 

,( / , ) ( / )i i xi

i

P Y X P y x = = ( , )i xi

i

G y          ………… (9) 

With these assumptions, the HMRF-EM algorithm is given below: 

1. Start with first parameter set (0) . 

2. Compute the probability distribution ( )( / , )t

i i xiP y x  . 

3. With present parameter set ( )t to calculate the labels by MAP estimation:

( ) ( )arg max{ ( / , ) ( )}t t

X x

X P Y X P X


= = ( )arg max{ ( / , ) ( )}t

X x

U Y X U X


 +   ….  (10) 

4. Calculate the posterior distribution using Bayesian rule for all l ∈ L and all pixels yi:
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( )

,( )

( )

( ) ( / )
( / )

( )

i

t

i l Nt

i t

i

Z y P l x
P l y

P y


= ……….  (11) 

where 
( )

i

t

Nx  is the neighborhood configuration of 
( )t

ix , and 

( ) ( )

,( ) ( ) ( / )
i

t t

i i l N

l L

P y G y P l x


= ………..  (12) 

Note here ( ) ( )1
( / ) exp( ( , ))

i

i

t t

N c j

j N

P l x V l x
Z 

= 
………..  (13) 

To update the parameters, use ( ) ( / )t

iP l y : 
( )

1

( )

( / )

( / )

t

i i
t i
l t

i

i

P l y y

P l y
 + =





……….  (14) 

2( ) 1
( 1) 2

( )

( / )( )
( )

( / )

t t
t i i l

l t

i

P l y y

P l y




+
+ −

=
……….  (15) 

Maximum A Posteriori (MAP) estimation for labels 

In EM algorithm, to solve for X that minimizes the entire posterior energy 

arg max{ ( / , ) ( )}
X x

X U Y X U X


= + ……….. (16) 

 with given Y and  , where the probability energy (unitary potential) is: 

( / , ) ( / , )i i

i

U Y X U y x = = 
2

2

( )

ln
2

i

i

i x

i

x

y 




−

+
      ………..  (17)        

The past energy function (also called pairwise potential) 

( )( )
c C

VcU XX


= ……….. (18)  

Here Vc(X) is the clique potential and ‘c’ is that the set of all potential cliques. For image 

domain, one picture element has at the most four neighbours. The clique potential is calculated on 

couples of neighboring pixels: 

1, ,

1
( ) (1 )

2 ji j x xVc x x I= − ………………      (19)    

where 
,i jx xI =  0 ,  if 

ix is not equal to
jx

   =    1, if 
ix = 

jx . 

Note in Eq. (17) the constant coefficient 1/2 can be replaced by a variable coefficient β. Follow 

Zhang et al. (2001) to use the 1/2 constant that proves effective in several experiment results. 

For solving the equation (17) an iterative algorithm is proposed as below:  

1. Start using an initial value
(0)X  that can be from the previous loop of EM algorithm. 

2. Provided X(k), for all 1 ≤ i ≤ N, we find
( 1) ( )arg max{ ( / ) ( , )}

i

k k

i i c j
l L j N

x U y l V l x
 

+ = + …………. (20)   

3. Repeat step 2 till ( / , ) ( )U Y X U X +  stops varying meaningfully or an extreme k is attained.

Lesion segmentation 

The dissimilarity between colour image and gray-level image segmentation is that for a colour 

picture the pixel intensity is no longer a numeral, however a 3-dimensional vector of RGB 

standards: Y = (y1; : : : ; yN), and yi = (yiR; yiG; yiB)T. The Gaussian mixture model now develops: 

 ,1, ,1 ,1 , , , ,, ( , ),......, ( , )l l l l l g l g l gw w  =   ………….. (21)   

Which can be compared with Eq. (10). Also, the likelihood energy Eq. (17) becomes 

( )
1

1
2

1
( / , ) ( / , ) ( ) ln

2 i i ii

T

i i i x i x xx
i i

U Y X U y x y y   
− 

= = − − +  
 

  
  ….   (22)   
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RESULTS AND DISCUSSION 

Qualitative analysis 

The international skin imaging collaboration (ISIC) (Marchetti et al., 2017) is an academia-industry 

partnership intended to facilitate digital skin imaging technologies to help in reducing the 

melanoma mortality. In this study, 200 images were used from a data set of 1200 images. The 

results obtained by the proposed technique showed better segmentation as compared to other two 

segmentation techniques. The obtained segmented images were smoother than those obtained by 

other two techniques and the region of lesions segmented out better than other two techniques (Fig. 

1). Obtained segmented image were close to ground truth.  

Quantitative analysis 

For quantitative analysis two other techniques used were Otsu and fuzzy c-means segmentation 

techniques that are based on thresholding; while the proposed technique is region-based. To acquire 

segmentation results, three completely different metrics namely accuracy, sensitivity and specificity 

segmentation results, three completely different metrics namely accuracy, sensitivity and specificity 
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Fig. 1: Comparison of different segmentation techniques 
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Fig. 2: Graph of the sum of pixels energy vs EM iterations of all six test images 

were computed. Fig. 2 displays the graph of sum of pixels energy versus EM iterations for all six 

test images. It presents the energy v/s expectation-maximization (EM) iteration for all the six test 

images. The definitions for the used metrics are given in the below given equations, wherever TP is 

the range of true positive pixels, FP is the range of false positive pixels, TN is the range of true 

negative pixels, and FN is the range of false negative pixels. The chosen metrics are extensively 

used in literature to compute the performance of skin lesion segmentation strategies. Each 

formula is applied to the corrected pictures and the consequent segmentation is compared with the 

manually drawn segmentation which serves as ground truth. The metrics-accustomed compared 

with ground truth square measure sensitivity, specificity, and accuracy. 

Sensitivity     = 
TP 

TP + FN 

Specificity     = 
TN 

TN + FP 

Accuracy  = 
TN + TP 

TN + TP + FN + FP 
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Table 1: Segmentation result metrics of malignant melanoma, benign melanoma, nerves, 

basal cell carcinoma and seborrheic keratoses 

Techniques Accuracy (%) Sensitivity (%) Specificity (%) 

Malignant melanoma (75 images) 

Fuzzy c-means 92.76 90.43 87.32 

Otsu-RGB 93.65 94.21 86.36 

Proposed  96.23 93.40 93.76 

Benign melanoma (60 images) 

Fuzzy c-means 93.32 95.65 92.43 

Otsu-RGB 95.23 94.87 86.34 

Proposed  96.15 96.26 95.32 

Nevus (58 images) 

Fuzzy c-means 91.21 90.25 94.35 

Otsu-RGB 94.34 92.52 91.38 

Proposed  97.21 95.43 91.76 

Basal cell carcinoma (42 images) 

Fuzzy c-means 95.34 95.76 96.23 

Otsu-RGB 95.64 94.34 95.12 

Proposed  96.85 96.85 97.34 

Seborrheic keratoses (45 images) 

Fuzzy c-means 93.34 95.76 96.23 

Otsu-RGB 94.58 94.34 95.12 

Proposed  96.85 96.85 97.34 

The attained result metrics for 75 malignant melanoma using the proposed technique had sensitivity 

of 93.4%, specificity of 93.76% and accuracy of 96.23% which was better than the other two 

techniques (Table 1). In case of benign melanoma images, the proposed segmentation technique 

had 96.26% sensitivity, 95.32% specificity, and 96.15% accuracy. Similarly, proposed technique 

for 58 nevus images showed 97.21% accuracy, 95.43% sensitivity, and 91.76% specificity and was 

better than other two techniques. In case of basal cell carcinoma image, the proposed segmentation 

technique showed 96.85% accuracy and specificity and 97.34% sensitivity and proved better than 

other techniques tested. The segmentation results of proposed technique for 45 Seborrheic 

keratoses images had 96.85% accuracy and sensitivity 96.85% and 97.34% specificity 

which was better than other two techniques. 

Conclusion: The quantitative investigation of the performance of proposed method was carried out 

by considering three different metrics. The segmentation results were better than ground truth data 

in case of nevus images, whereas the segmentation precision for the rest images were nearly same. 

The simulation results reveal that the proposed approach gives additional correct skin lesion 

segmentation results than comparable progressive strategies. Consequently, the projected 

segmentation methodology may be used in clinical skin lesion pre-screening systems to assist the 

rising accuracy of early carcinoma identification, which might have an effect on absolute prognosis 

of carcinoma patients, and finally scale back the prices associated to health care. 
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