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Abstract 

Early detection and classification of skin lesions using dermoscopic images have attracted significant 

attention in the healthcare sector. Automated skin lesion segmentation becomes tedious owing to the 

presence of artifacts like hair, skin line, etc. Earlier works have developed skin lesion detection models 

using clustering approaches. The advances in neutrosophic set (NS) models can be applied to derive 

effective clustering models for skin lesion segmentation. At the same time, artificial intelligence (AI) 

tools can be developed for the identification and categorization of skin cancer using dermoscopic 

images. This article introduces a Neutrosophic C-Means Clustering with Optimal Machine Learning 

Enabled Skin Lesion Segmentation and Classification (NCCOML-SKSC) model. The proposed 

NCCOML-SKSC model derives a NCC-based segmentation approach to segment the dermoscopic 

images. Besides, the AlexNet model is exploited to generate a feature vector. In the final stage, the 

optimal multilayer perceptron (MLP) model is utilized for the classification process in which the MLP 

parameters are chosen by the use of a whale optimization algorithm (WOA). A detailed experimental 

analysis of the NCCOML-SKSC model using a benchmark dataset is performed and the results 

highlighted the supremacy of the NCCOML-SKSC model over the recent approaches.  

Keywords: Image segmentation; Neutrosophic set; Feature Extraction; Machine learning; Whale 

optimization algorithm. 

1. Introduction 

Medical examination has shown that skin cancer is a significant general medical issue. It is assessed 

that one of every five Americans might be impacted by skin cancer [1]. Melanoma is one of the most 

well-known types and risky skin cancer. Early identification and precise finding of the skin lesion is 

pivotal, specifically for melanoma. Dermoscopic assessment of melanocytic lesions (or moles) to 

recognize melanoma is the current norm in clinical practice [2, 3]. Dermatologists spent significant time 

overseeing skin infections and seeing patients for worries regarding new or changing moles and lesions. 

Explicit elements are to be distinguished under the dermoscopy and the highlights are organized by 

utilizing approved calculations to assist with deciding the gamble of melanoma [4] by the 

dermatologists. Nonetheless, the large number of dermoscopic highlights and calculations are intricate, 

confounding, and dreary to recognize [5]. Thusly, numerous dermatologists don't use dermoscopic 

instruments appropriately or precisely, which might cause compromised clinical consideration. 

Different imaging strategies, for example, multispectral imaging and confocal microscopy, have been 

executed to resolve the issues experienced in the discovery of melanomas. Be that as it may, such 

imaging gadgets are exorbitant and cumbersome, and the dermatologist must be prepared for these 

imaging modalities. It is shown that dermoscopic assessment via prepared and experienced 
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dermatologists yields better responsiveness and particularity [6] in skin lesion findings. Subsequently, a 

programmed method for vigorous examination of the dermoscopic dataset can be profitable to 

clinicians.  

The segmentation task is utilized to distinguish the areas and limits of lesions, though the grouping task 

is utilized to analyze their kinds of them (for example melanoma, nevus, seborrheic keratosis, and so 

forth). The two undertakings are trying because of three reasons: (1) the low differentiation between 

every lesion and its encompassing skin tissue brings about fluffy lesion limits; (2) the between-type 

skin lesions might share visual similitudes, and the intra-type lesions might have visual contrasts; and 

(3) skin lesions fluctuate essentially in the visual appearance, which might be adulterated by antiques 

like hair, veins, and air bubbles [7]. The advantage of segmentation to grouping is self-evident since the 

segmentation results give the locale of interests (ROIs), in which the discriminative elements can be 

extricated. Be that as it may, the arrangement interaction depends on and delivers just the data of 

image-level class names. Deep learning has significantly worked on the cutting edge in object 

arrangement and item identification. The DCNN has additionally been broadly utilized on the 

biomedical dataset, for example, for skin lesion examination [8-10]. Various elements distinguished at 

the different convolutional layers permit the organization to deal with enormous varieties in the dataset. 

It empowers the element location to be dealt with consequently, subsequently enhancing the challenges 

of component discovery 

Xie et al. [11] proposed a new skin cancer classification technique, named MB-DCNN technique. It 

involves a coarse segmentation network (coarse-SN), a mask-guided classifier network (mask-CN), and 

an enhanced segmentation network (enhanced-SN). Next, Khan et al. [12] developed a novel optimal 

color feature (OCF) of and DCNN model to segment and classify skin lesions. This hybrid approach 

aimed to eradicate the artifacts and enhance the contrast level of the lesions. Afterward, colro 

segmentation approach is developed and the outcome of the OCF model can be improvised using a 

saliency model. The DCNN-9 technique can be designed for deriving deeper features and integrated 

into the OCFs using a fusion model. Khouloud et al. [13] proposed another DL model to detect and 

classify melanoma. It comprises three stages namely pre-processing, segmentation, and classification 

with two DL models namely W-net and Inception Resnet. In [14], another DL model with segmentation 

and classification processes is presented. At the time of segmenting lesions, the contrast level can be 

enhanced via fusing two filtering techniques and carrying out a color conversion to color lesion area 

color judgment. Then, optimal channels are chosen and the lesion mapping can be determined that can 

be again transformed to binary values via the thresholding process. To classify lesions, two pre-trained 

CNN models are applied.  

This article introduces a Neutrosophic C-Means Clustering with Optimal Machine Learning Enabled 

Skin Lesion Segmentation and Classification (NCCOML-SKSC) model. The proposed NCCOML-

SKSC model derives a NCC-based segmentation approach to segment the dermoscopic images. 

Besides, the AlexNet model is exploited to generate a feature vector. In the final stage, the optimal 

multilayer perceptron (MLP) model is utilized for the classification process in which the MLP 

parameters are chosen by the use of a whale optimization algorithm (WOA). A detailed experimental 

analysis of the NCCOML-SKSC model using a benchmark dataset is performed.  

2. Design of NCCOML-SKSC Technique 

In this study, a new NCCOML-SKSC model has been developed for the effectual segmentation and 

classification of skin cancer using dermoscopic images. The proposed NCCOML-SKSC technique 

encompasses pre-processing, NCC-based segmentation, AlexNet feature extraction, MLP classification, 

and WOA parameter optimization. The MLP parameters are optimally chosen by the use of WOA.  

2.1 The process involved in NCC-based Segmentation 

At the time of segmentation, the NCC model receives the pre-processed skin lesion images and 

identifies the affected regions that exist in them. The NCM is utilized in finding the indeterminacy 

values among various intensity groups which undergo segmentation. Every        in the image can 

be defined in the NS domain based on membership function (MF) as given below [15]: 
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         {                    }                                    

where the                and        denotes the members belonging to the forefront, indeterminate 

set, and backdrop, correspondingly. Consider a dataset   {            }, the correct and 

indeterminacy membership subsets of pixels    at point   can be defined as         
 and        

  

correspondingly as given below: 
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where    denotes an instance in  ‐ dimension space. For   clusters,    characterizes the cluster centers. 

In the NCM, the objective function undergoes minimization as given below.  
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where      , and    are weight factors, and   represents a control parameter. In addition,        is 

determined using indexes of the largest and second‐ largest          . At every round, the repeated 

procedure in the NCM gets upgraded till the given constraints are satisfied: 

        

     
        

   
                                 

where   denotes the least constant number for the termination condition. 

2.2 AlexNet-based Feature Extraction 

During the feature extraction process, the AlexNet model is used to generate feature vectors. AlexNet is 

a commonly employed model, which contains eight layers: five convolutional layers, two fully-

connected hidden layers, and one fully-connected output layer [16]. Second, AlexNet used the ReLU 

instead of the sigmoid as its activation function. It is widely applied for image recognition, object 

detection, etc. In this work, the AlexNet model is utilized to create feature vectors from dermoscopic 

images. 

 

Figure 1: Structure of AlexNet model 

2.3 MLP Classifier 

In the classification of skin lesion images, the MLP model is used to properly assign class labels to it 

[17]. MLP is determined as the class of feedforward ANN by means of 3 layers. The basic structure of 

MLP is proved in involves    , and   to indicate the amount of input, hidden, and output nodes. After 

https://doi.org/10.54216/IJNS.190113


International Journal of Neutrosophic Science (IJNS)                       Vol. 19, No. 01, PP. 177-187, 2022  
 

 

DOI: https://doi.org/10.54216/IJNS.190113  
Received: May 03, 2022     Accepted: August 08, 2022 

 

180 

that, the weight of MLP is stored in a   matrix and the bias is noted in matrix  . The MLP output 

evaluated is shown below. Firstly, the weighted sum of inputs is evaluated by, 

   ∑ 

 

   

                                                                

            denotes weight from     input nodes to     hidden nodes,      indicates the bias of     

hidden nodes, and    denotes the     input. Here [17], weight and bias are anticipated in a matrix form 

whereby it characterizes the storing in matrix format. After that, the experiment result at the hidden 

layer is given as follows  

                
 

(     (   ̇))
                                   

Lastly, the resulting outcomes are defined, 

   ∑ 

 

 ̇

                          

                                                                                   

               
 

            
                                              

               implies the weight from         layer in the hidden node to         layer in the 

output node and        signifies the bias of         output layer. The main goal is to train MLP and 

accomplish the best weight-bias incorporation from the input. In the problem representation, the weight 

and bias incorporate a candidate with a population whereby biases and weights are measured as a 

candidate solution. 

                    {                             }                  

 

Figure 2: Structure of MLP model 
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The number of weights should be enhanced as       and the total amount of biases must be 

improved as      Henceforth, the number of attributes enhanced for the MLP training can be 

characterized as              . Typically, the structure of MLP is represented as        

Here, input is measured as an attribute. Consequently, the sum total of input layers is equal to the sum 

total of features in classifier problems. No rules are utilized to choose the hidden layer, and rules are 

employed in our work, 

                                                            

  and   show the count of the input and hidden nodes. The total weights to be augmented are       

and the sum total of biases augmented is    . 

2.4 WOA-based Parameter Tuning  

In order to optimally tune the MLP parameters, the WOA is utilized and it improves the classification 

performance [18]. In WOA, 2 models are advanced to denote the arithmetical value of bubble-net 

behavior of humpback whales called as exploitation stage in which this framework is shown below: 

Encircling Prey. When the location of prey is recognized, they enclose it and surround them. Firstly, 

the position of the plan in a searching region hasn't been explored; therefore, the WOA considered a 

leading candidate solution is a targeted prey. After that, an alternative searching agent accomplishes to 

adapt the location to the optimum searching agent: 

 ⃗⃗         ⃗⃗⃗⃗      ⃗⃗   ⃗⃗                                                           

 ⃗⃗    ⃗    ⃗⃗⃗⃗      ⃗⃗                                                                 

Whereas    ⃗⃗⃗⃗     indicates the whale location on iteration  .   ⃗⃗       denotes the whale's current 

position,  ⃗⃗  signifies the distance vector between prey and whale,    characterizes accurate value. The   

and   denotes coefficient vector defined in the following: 

 ⃗⃗     ⃗     ⃗                                                                           

 ⃗                                                                                

Spiral Updating Position. In distance between a whale suited from       and victim position of 

        is minimized. Now, a spiral function is formed between the position of the victim and the 

whale to reflect the helix-shaped way of the humpback whale as follows: 

 ⃗⃗                        ⃗⃗⃗⃗    ⃗⃗⃗⃗                                         

  ⃗⃗⃗⃗     ⃗⃗⃗⃗      ⃗⃗                                                              

Here   indicates a constant value to discover the architecture of a logarithmic spiral and   implies an 

arbitrary number         This nature is indicated in WOA for adapting the whale place in optimization. 

Maximal possibility for choosing a reduction encircling and spiral technique wherein the module is 

established consequently: 

 ⃗⃗       {
  ⃗⃗⃗⃗   ⃗⃗   ⃗⃗  

               ⃗⃗⃗⃗    ⃗⃗⃗⃗     

         
         

                       

Now p signifies an arbitrary number within (0, 1). 

Search for Prey. The search technique is called as exploration stage. It depends upon the modification 

of      ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   vector. It aims to calculate global searching and solve the local optimum topics. The 

arithmetical method is portrayed in the equation: 

 ⃗⃗            
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗    ⃗⃗   ⃗⃗                                                                    
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 ⃗⃗  | ⃗       
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗    ⃗⃗ |                                                                        

In which       
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   denotes the arbitrary location vector designated from the current population. 

3. Results and Discussion 

The performance validation of the NCCOML-SKSC model is performed using a skin lesion dataset. 

Fig. 3 shows sample dermoscopic images. 

 

Figure 3: Sample images 

Table 1 and Fig. 4 inspect the outcome of the NCCOML-SKSC model in terms of the number of 

clusters. The results indicated that the NCCOML-SKSC model has depicted effectual performance with 

minimal clusters under all images compared to other models. For instance, with image 1, the 

NCCOML-SKSC model has attained 2 clusters whereas the OHBCE-NCM GC, HBC-NCMGC, and 

HBCE-NCM models have achieved 3, 3, and 2 clusters. Similarly, with image 2, the NCCOML-SKSC 
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model has reached 2 clusters whereas the OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models 

have attained 3, 3, and 2 clusters. Likewise, with image 3, the NCCOML-SKSC model has reached 2 

clusters whereas the OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models have achieved 3, 3, 

and 2 clusters. Moreover, with image 4, the NCCOML-SKSC model has accomplished 2 clusters 

whereas the OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models have achieved 4, 4, and 2 

clusters. Furthermore, with image 5, the NCCOML-SKSC model has gotten 2 clusters whereas the 

OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models have completed 4, 4, and 3 clusters. 

Table 1: No. of Cluster analysis of the NCCOML-SKSC model 

No. of Images NCCOML-SKSC Optimal HBCE-NCM GC HBC-NCMGC HBCE-NCM 

Image-1 2 3 3 2 

Image-2 2 3 3 2 

Image-3 2 3 3 2 

Image-4 2 4 4 2 

Image-5 2 4 4 3 

Image-6 2 5 5 3 

Image-7 3 6 5 4 

Image-8 3 5 5 5 

Image-9 4 5 5 5 

Image-10 2 4 4 3 

 

 

Figure 4: Comparative Cluster analysis of the NCCOML-SKSC model 

Next, Table 2 and Fig. 5 portray the Jaccard Index (JI) inspection of the NCCOML-SKSC model with 

other models. The table values revealed that the NCCOML-SKSC model has accomplished maximum 

values of JI under all images. For instance, with image 1, the NCCOML-SKSC model has offered JI of 
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91.72% whereas the OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models have attained JI of 

83.94%, 79.08%, and 78.59% respectively. Along with that, with image 2, the NCCOML-SKSC model 

has offered JI of 92.94% whereas the OHBCE-NCM GC, HBC-NCMGC, and HBCE-NCM models 

have attained JI of 86.62%, 39.94%, and 39.21% respectively. At the same time, with image 3, the 

NCCOML-SKSC model has offered JI of 94.39% whereas the OHBCE-NCM GC, HBC-NCMGC, and 

HBCE-NCM models have attained JI of 85.64%, 81.51%, and 80.29% respectively. Meanwhile, with 

image 4, the NCCOML-SKSC model has offered JI of 95.61% whereas the OHBCE-NCM GC, HBC-

NCMGC, and HBCE-NCM models have attained JI of 84.91%, 66.20%, and 65.71% respectively. 

Table 2: JI examination of the NCCOML-SKSC model 

No. of Images NCCOML-SKSC Optimal HBCE-NCM GC HBC-NCMGC HBCE-NCM 

Image-1 91.72 83.94 79.08 78.59 

Image-2 92.94 86.62 39.94 39.21 

Image-3 94.39 85.64 81.51 80.29 

Image-4 95.61 84.91 66.20 65.71 

Image-5 97.07 88.80 73.73 81.51 

Image-6 99.26 96.10 51.85 41.16 

Image-7 98.28 93.42 44.08 52.34 

Image-8 97.31 93.66 41.40 40.19 

Image-9 93.91 87.10 68.63 66.68 

Image-10 91.96 81.75 51.12 48.45 

 

 

Figure 5: Comparative JI assessment of the NCCOML-SKSC model 

In order to report the enhanced outcomes of the NCCOML-SKSC model, a comparative inspection is 

made with recent methods [19] in Table 3 and Fig. 6. The experimental values indicated that the GC 

model has gained lower performance with      ,      ,        JI, and dice of 78.69%, 85.10%, 
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80.54%, 57.86%, and 85.64% respectively. At the same time, the HBCE-NCMGC model has obtained 

slightly enhanced outcomes with      ,      ,        JI, and dice of 94.38%, 86.47%, 92.68%, 

59.75%, and 90.57% respectively. Moreover, the HBCE-NCM model has accomplished moderately 

     ,      ,        JI, and dice of 95.32%, 88.37%, 94.21%, 59.41%, and 89.26% respectively. 

However, the NCCOML-SKSC model has accomplished an effectual outcome with maximum      , 

     ,        JI, and dice of 97.68%, 97.38%, 98.24%, 95.24%, and 95.38% respectively. After 

looking into the tables and figures, it is depicted that the NCCOML-SKSC model has showcased 

effectual results over the other methods.  

Table 3: Comparative study of the NCCOML-SKSC model 

Methods Sensitivity Specificity Accuracy Jaccard Index Dice 

GC 78.69 85.10 80.54 57.86 85.64 

HBCE-NCM 95.32 88.37 94.21 59.41 89.26 

HBC-NCMGC 94.38 86.47 92.68 59.75 90.57 

Optimal HBCE-NCMGC 95.11 87.54 96.31 88.20 92.69 

NCCOML-SKSC 97.68 97.38 98.24 95.24 95.38 

 

 

Figure 6: Comparative classification outcomes of the NCCOML-SKSC model  

4. Conclusion 

In this study, a new NCCOML-SKSC model has been developed for the effectual segmentation and 

classification of skin cancer using dermoscopic images. The proposed NCCOML-SKSC technique 

encompasses pre-processing, NCC-based segmentation, AlexNet feature extraction, MLP classification, 
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and WOA parameter optimization. The MLP parameters are optimally chosen by the use of WOA. A 

detailed experimental analysis of the NCCOML-SKSC model using a benchmark dataset is performed 

and the results are inspected under dissimilar aspects. The experimental outcome highlighted the better 

performance of the NCCOML-SKSC model over the other methods. In the future, the NCCOML-

SKSC technique can be extended to DL-based classification models.  
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