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Abstract 

Melanoma is the deadliest form of skin cancer, and early diagnosis and treatment can significantly 

reduce mortality rates. However, existing strategies for classifying melanoma from dermoscopic 
skin images still face significant challenges. Therefore, this study aims to develop an accurate 

method for melanoma classification using dermoscopic skin images. A novel melanoma 

classification framework, termed Fractional White Smell Agent Optimization-enabled 
Convolutional Neural Network-based Transfer Learning (FWSAO_CNN-based TL), is proposed. 

First, the input skin image is preprocessed using an Adaptive Kalman Filter. Subsequently, skin 

lesion segmentation is performed using LinkNet, where the network is trained using White Smell 
Agent Optimization (WSAO). Following segmentation, image augmentation is applied, and feature 

extraction is conducted. Finally, melanoma classification is performed using a CNN-based transfer 

learning model trained with the proposed Fractional White Smell Agent Optimization (FWSAO), 
which integrates the Fractional concept, Smell Agent Optimization (SAO), and White Shark 

Optimizer (WSO). The CNN utilizes hyperparameters derived from a pretrained GoogLeNet model. 

The performance of the proposed FWSAO_CNN-based TL framework was evaluated using 
accuracy, True Positive Rate (TPR), and True Negative Rate (TNR). The proposed method achieved 

values of 91.565%, 90.090%, and 91.269%, respectively. Furthermore, the proposed model 

demonstrated performance improvements of 18.4%, 8.1%, 17.5%, 12.55%, 8.2%, and 6.23% 

compared with conventional approaches. 
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1- Introduction 

Today’s healthcare framework depends heavily on medical imaging to enable non-invasive diagnostic interventions. 

It consists of producing structured depictions of the human body’s internal anatomy for diagnostic purposes. X-ray-

based techniques, Computed Tomography (CT), and Magnetic Resonance Imaging (MRI) are the medical imaging 

approaches. In addition to these techniques, medical images are extensively employed for identifying more disorders, 

especially skin-based diseases [1]. The diagnostic images created by medical imaging techniques become a significant 

part in the diagnosis of disorders [2]. Skin cancer is the most prevalent form of cancer in humans. Furthermore, squamous 

cell carcinoma, basal cell carcinoma, and melanoma are the most common malignant skin lesions. Accurately 

differentiating among skin lesions and malignancies is difficult due to complexity. Skin cancer experts employ both eye 

inspection and hand-held dermoscopy to assess patient lesions. It can record microscopic, macroscopic, dermoscopic, or 

close-up digital pictures [3]. 
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Dermoscopy utilizes polarization or immersion fluid for decreasing surface reflection when diagnosing the skin under 

intense light and magnification [3]. The first sign of melanoma is a skin lesion with an irregular shape. The mole is in 

an oval shape, which is minor in size with a constant shape. At the initial stage, irregular and enlarged moles should be 

assessed according to skin pigmentation to identify potential skin cancer. The melanoma entities identified by the 

medical experts and patients with irregular color diversification, border irregularity, and lesion development process [4]. 

The affected area or the entire skin surface is carefully examined to determine whether a lesion is benign or malignant. 

Oncologists can select to perform a biopsy procedure after the lesion identification in some cases [5]. The key purpose 

of melanoma identification is to facilitate automatic classification of pigmented skin lesions as benign or malignant. The 

process begins with the acquisition of pigmented skin lesion images, which are then labeled to train the classification 

approach. Proper training of classification techniques demands a substantial volume of labeled data, given the variability 

in lesion image distributions across multiple datasets. Nevertheless, data labeling is a high-cost process and needs high 

maintenance. Moreover, a learning model is learned on some pre-trained images to assist learning techniques for some 

other lesion images, which is needed to eliminate the purpose of melanoma detection [6]. 

Melanoma presently stands as the nineteenth most widespread disease in the world, with a high death toll. As a form 

of skin cancer, melanoma contributes to a high number of deaths annually. The survival rates of patients may be 

extensively increased even when the melanoma is predicted early and rapidly treated, since it increases slowly in the 

earlier phase [7, 8]. Skin lesions such as large brown moles with black flecks, which bleed irregularly or change color, 

may signal melanoma, a rapidly spreading and serious cancer. Melanoma has multiple subtypes, which include acral, 

nodular, superficial, and lentigo [9, 10]. Deep Learning (DL) is one of the ten ground-breaking techniques for melanoma 

classification. Convolutional Neural Networks (CNNs) can offer precise diagnostics for the relevant disease; thus, they 

improve patient care when utilized to diagnose tumors, especially melanoma skin cancer [11]. It has only a few available 

databases, like medical imaging applications for classification problems, and Transfer Learning (TL) is a fundamental 

module. Utilizing a pre-trained CNN module and merely fine-tuning its performance for faster operation is more 

computationally effective than training a CNN from the beginning, which requires a large amount of data and significant 

computational resources [12]. Several number of pre-trained CNNs, such as AlexNet, Inception, ResNet, as well as 

DenseNet, were trained on the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) database. Some of the 

researchers employed several pre-trained CNNs and also described adequate skin cancer diagnosis performance [13]. 

1-1- Literature Survey 

Loganathan et al. [5] designed Enhanced Deep CNN (E-DCNN) for melanoma classification. This module achieved 

faster classification with minimum computational time. Nevertheless, it failed to obtain maximum accuracy, and it was 

prone to overfitting, especially when the database was not well-balanced. Kaur et al. [9] introduced the Lesion 

Classification Network (LCNet) for classifying melanoma disease. This approach provided less complexity to automate 

melanoma diagnostic progression and an advanced detection method to save a life. However, it did not extend multi-

class classification to identify other skin cancers. Ding et al. [7] designed a two-stage ensemble network model for 

melanoma classification. Even though the segmented images in this model increased the classification accuracy, it was 

unable to discover more classification methods by means of the features and diverse classes of dermoscopy images, 

particularly in preprocessing. 

Salma & Eltrass [13] developed ResNet50 with a Support Vector Machine (SVM) for the classification of malignant 

melanoma. This approach had the ability to help medical experts and dermatologists to efficiently classify the skin 

lesions. Nonetheless, the performance of this technique was not precisely detected due to less volume of training and 

testing data. Aljohani & Turki [11] devised GoogleNet for automatic classification of melanoma skin cancer. It 

demonstrated the feasibility of determining whether the skin is affected by melanoma without the involvement of experts 

for feature engineering. Nevertheless, it neglected to include diverse augmentation methods to improve detection 

efficiency. Bhimavarapu & Battineni [14] presented Fuzzy GrabCut-stacked CNN (GC-SCNN) with SVM. Although 

this approach classified the lesions with maximum accuracy and minimum processing time, it eliminated the insecurities 

in boundary detection and reduced the processing time. 

Qureshi et al. [15] established Transfer Learning based CNN (TL-based CNN). The developed approach had the 

capability to apply different databases based on better performance. But it failed to introduce a mobile application for 

detecting melanoma in the early stage. Shorfuzzaman [6] designed Explainable CNN-based stacked ensemble framework 

to classify melanoma. This model demonstrated enviable interpretability properties by effectively detecting several 

benign and malignant melanoma signs. Nonetheless, this approach was complex to maintain, and also it had issues in 

the training process. Garcia et al. [16] used a Vision Transformer ViT-L/16 model for the effective classification of 

melanoma. This method attained high accuracy in distinguishing malignant from benign lesions due to the global feature 

representation. However, this method is limited to binary classification and does not account for other types of skin 

lesions. Manikandan et al. [17] developed an efficient deep learning classification (EDLCS) for the classification of 

melanoma using dermascopic images. This method was robust and adaptable in handling different image representations. 

However, this method was evaluated on a particular dataset, and its diversity to other datasets was unknown. 
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1-2- Motivation 

Melanoma classification is the process of categorizing skin lesions into melanoma and non-melanoma categories 

using visual or image-based analysis. Traditional melanoma classification methods faced some challenges, which are 

given below: 

 Some existing methods have lower accuracy due to small and imbalanced datasets. 

 The traditional methods suffered with computational complexity due to the deep and stacked architecture. 

 Additionally, the existing methods were limited in handling complex and low-contrast lesion features due to the 

lack of advanced preprocessing and segmentation methods. 

Thus, the FWSAO_CNN-based TL is designed to improve the melanoma classification by overcoming the limitations 

in previous studies. The proposed FWSAO_CNN-based TL employs FWSAO to optimally tune the hyperparameters for 

effective learning and uses data augmentation to handle small and imbalanced datasets, thereby improving the 

classification accuracy. Furthermore, FWSAO_CNN-based TL leverages transfer learning with pre-trained networks 

and FWSAO-based optimization, thereby reducing the computational complexity. Additionally, FWSAO_CNN-based 

TL employs WSAO_LinkNet for lesion segmentation and adaptive Kalman filtering for noise reduction, which improves 

the detection of low-contrast and complex lesion patterns. 

1-3- Contribution 

The principal contribution presented in this work is:  

Proposed FWSAO_CNN-based TL for melanoma classification: The novelty of the melanoma classification 

framework is to propose a module using CNN-based TL with a hybrid optimization algorithm. In this investigation, the 

melanoma classification is performed by CNN-based TL, where CNN-based TL is trained by utilizing FWSAO. The 

CNN network employs the hyperparameters from GoogleNet. The FWSAO is based on the combination of the fractional 

concept, SAO, and WSO. 

2- Proposed Convolutional Neural Network-Based Transfer Learning-Enabled Fractional 

White Smell Agent Optimization for Melanoma Classification 

From dermoscopic skin samples, the automatic detection of melanoma is a complex task. Nevertheless, the 

complexity of melanoma classification is reduced using the DL module. This research focuses on developing a melanoma 

classification approach leveraging FWSAO_CNN-based TL. Initially, input skin images acquired from the dataset [18] 

are allowed for image pre-processing that is carried out by an adaptive Kalman filter [19] for removing noises and 

artifacts from the input image. Followed by this process, skin lesion segmentation is done by LinkNet [20], which is 

trained by WSAO. This is formed by combining SAO [21] and WSO [22]. After the segmentation, image augmentation 

is performed where the augmentation techniques [23, 24] are shifting, shearing, rotation, random erasing, and cropping. 

Then, feature extraction like statistical features [25], Haralick texture features [26], CNN features [27], and Speeded-Up 

Robust Features (SURF) [28] will be extracted. Additionally, statistical features and Haralick texture descriptors are 

incorporated. Finally, Melanoma classification is accomplished using CNN-based TL [29], where CNN is used with the 

hyperparameters from the trained model GoogLeNet [30]. FWSAO is employed to optimize the performance of CNN-

based TL. Figure 1 represents a schematic representation of Melanoma classification. 

2-1- Image Acquisition 

The skin lesion image database comprises 25,331 images categorized into nine classes. Assume the database as ϒ, 

where the ϒ is composed of ϒ𝜈 number of images. The arithmetical computation of ϒ is elucidated as, 

ϒ = {ϒ1,ϒ2, . . . . . . .ϒ𝜇 , . . . . . . . .ϒ𝜈}  (1) 

From this database, ϒ𝜇 is taken as the input for the process below. 

2-2- Image Pre-Processing by the Adaptive Kalman Filter 

The image undergoes pre-processing to eliminate unwanted noise and artifacts. Moreover, it is deployed to increase 

image quality. This is accomplished using an Adaptive Kalman Filter with an input image ϒ𝜇. 

2-2-1- Adaptive Kalman filter 

An Adaptive Kalman Filter [19] is an enhanced type of Kalman Filter, which is established to handle uncertainties as 

well as variations in dynamic systems more efficiently. The measurement variance 𝑉𝜉  becomes a significant factor for 

this filter. The value for 𝑉𝜉  is improved to balance the errors. This approach seeks to represent random data points using 
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a framework that accounts for arbitrary noise by increasing the 𝑉𝜉  such that the data points are not used for corrupting 

the measurement of parameters. The expression of 𝑉𝜉  is calculated as, 

𝑉𝜉 = (
1

𝜑
) (∑ 𝜓𝜉−𝜙. 𝜓𝜉−𝜙

𝑇𝜑
𝜙=1 ) − ℑ𝜉

𝑡 𝐶𝜉ℑ𝜉  (2) 

Here, 𝜑 indicates overall points based on a pre-defined smoothing window,𝜙 refers to index, 𝐶𝜉 defines covariance 

matrix, 𝜓𝜉  illustrates noise contribution to the measurement and ℑ𝜉
𝑡  implies row vector. Thus, the filtered image is 

signified as 𝛲𝜇. 

 

Figure 1. Schematic representation of Melanoma classification 

2-3- Image Segmentation by LinkNet  

This is the process of separating the image into non-overlapping regions. Moreover, it is a prime stage for image 

analysis and interpretation. In this technique, LinkNet is used to segment the filtered image 𝛲𝜇 into several regions. Here, 

LinkNet is trained using WSAO.  
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2-3-1- LinkNet Structure 

Link-Net [20] comprises encoder and decoder blocks, and batch normalization (BN) is used within every convolution 

(conv) layer followed by Rectified Linear Unit (ReLU) non-linear function. The conv layer in the encoder is the first 

block with a kernel dimension of 7 × 7 with 2 strides. Moreover, the encoder also processes spatial max-pooling of 3 ×
3 with 2 strides, which is followed by decoder blocks. Every input is given to the corresponding decoder output in the 

encoder block. Furthermore, LinkNet emphasizes the measurement of spatial information loss, while upsampling occurs 

in the decoder block. The decoder not only allocates the information obtained from the encoder at every layer but also 

integrates several factors. Hence, Link-Net output is expressed as 𝛰𝜇. Figure 2 designs the LinkNet architecture. 

 

Figure 2. LinkNet structure 

2-3-2- Training Algorithm of WSAO 

WSAO is exploited for segmenting the skin lesions, where this new algorithm is designed by WSO and SAO. SAO 

[21] utilizes the sensation of smell and the spontaneous trailing phenomenon of an agent for finding the smell source. 

Sniffing and trailing modes form the core components of this algorithm. Trailing mode directs the agent’s movement 

toward scent molecules, while sniffing mode simulates the release of molecules from the source. WSO [22] is based on 

the scholastic behavior of white sharks as they forage for food in their natural setting, demonstrating the importance of 

these habits for their survival in the deep ocean. It is designed to resolve unconstrained and constrained real-time 

optimization issues. Therefore, WSAO integrates SAO and WSO for efficient generalizability.  

a) Solution Encoding 

It is designed for allocating the suitable positions for every smell molecule in a search space (𝛾) that is originated by, 

𝛾 = [1 × 𝛣]  (3) 

Here, 𝛣 implies the learning parameter of LinkNet. 

b) Fitness Measure 

It is determined for acquiring the utmost solution with favourable smell molecules, where its mathematical expression 

is articulated by, 

𝐹𝑖𝑡 =
1

𝜈
∑ [𝛷𝜇 − 𝛰𝜇]

2𝜈
𝜇=1   (4) 

Here, 𝐹𝑖𝑡 refers to fitness value, 𝛰𝜇 implies LinkNet’s output and 𝛷𝜇 defines target output. 

c) Algorithm Steps 

The steps for WSAO are described below: 
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Step 1: Initialization 

SAO is initiated by an arbitrarily generated population of smell molecules, which is computed by, 

𝑏𝜔
𝜏 = {𝑏ℵ,1

𝜏 , 𝑏ℵ,2
𝜏 , . . . . . . . . , 𝑏ℵ,𝛢

𝜏 }  (5) 

Here, ℵ elucidates smell molecules,  expresses evaporated smell molecules, and 𝑏𝜔
𝜏  refers to the population of 

smell molecules. Moreover, 𝜔 = {1,2, . . . . . . , ℵ} and 𝜏 enumerates smell molecules’ position.  

Step 2: Determine Fitness 

The objective value of this population is estimated, and the most suitable fitness value is considered for further 

analysis using Equation 4. 

Step 3: Sniffing Model 

After the initialization of the population of smell molecules, the velocity for every molecule in SAO is determined by 

utilizing, 

𝐵(𝑖,𝑗,𝑘)
𝜏+1 = 𝑈(𝑙,𝑚,𝑛)

𝜏 + 𝐵(𝑖,𝑗,𝑘)
𝜏   (6) 

Here, 𝐵(𝑖,𝑗,𝑘)
𝜏  and 𝑈(𝑙,𝑚,𝑛)

𝜏  enumerates the position of every candidate solution and molecules velocity coordinates of 

smell molecules. 

(i) Small Velocity and Position Update 

Each small molecule has its own velocity for moving and updating its position. Due to the non-uniform motion of gas 

molecules, gas velocity is inferred from hydrostatic pressure, and it is expressed as, 

𝜗 =
1

2
(𝑎𝑐𝑢2) =

3

2
(𝜅𝑎𝑇)  (7) 

Here, 𝑎 elucidates the amount of substance in a gas and 𝑢 is the velocity. Also, the velocity of non-uniform molecules 

moving through the search space is formulated is computed as, 

𝑢 = √
3𝜅𝑇

𝑐
  (8) 

The updated form of the smell molecules’ velocity is enumerated as, 

𝑢𝜔
(𝜏+1)

= 𝑢𝜔
𝜏 + 𝜐0 × √

3𝜅𝑇

𝑐
  (9) 

Here, 𝑢𝜔
(𝜏+1)

 specifies update velocity, 𝑢𝜔
𝜏  refers to present velocity, 𝜅 enumerates Boltzmann constant, 𝑇 signifies 

temperature, 𝑐 implies mass. The next phase computes the updated smell molecule solution based on the previous 

equation. 

Step 4: Trailing Mode 

When the search space is explored, the amount of smell molecules becomes greater than the present position of an 

agent. In this state, the agent navigates towards this target position. Then, the agent performs to track the position of all 

molecules with greater concentration till the molecule with the utmost objective measure is identified. In practical 

scenarios, the agent is expected to detect and track smell molecules, relying on intuition to follow the molecules in the 

hopes of identifying their source. Moreover, each agent has a unique capacity of olfaction based on the dimension of the 

olfactory lobes. SAO is generalized for overall agents; the accuracy might be influenced by the olfaction capacity of the 

agent. The control factor is referred to as olfaction capacity (𝑂𝐶).  

The agent's olfactory capacity provides predictive understanding of the object emitting the smell, allowing it to track 

the molecule's trail. To efficiently follow the smell, the agent must recall its current location and the point with the least 

favourable position. By doing so, the agent can adapt its path to avoid unfavourable fitness and efficiently reach its 

target. Hence, the trailing behavior of the agent is enumerated by, 

𝑏𝜔
𝜏+1 = 𝑏𝜔

𝜏 + 𝜐1 × 𝑂𝐶 × (𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 − 𝑏𝜔

𝜏 ) − 𝜐2 × 𝑂𝐶 × (𝑏𝑤𝑜𝑟𝑠𝑡
𝜏 − 𝑏𝜔

𝜏 )  (10) 



Emerging Science Journal | Vol. 10, No. 3 

Page | 1221 

Here, 𝜐1 and 𝜐2 depicts random numbers with distinct intervals, 𝑏𝜔
𝑟+1

 is the updated position of the molecule 

and 𝑏𝜔
𝑟  is the previous position of the molecule, 𝑏𝑎𝑔𝑒𝑛𝑡

𝜏  and 𝑏𝑤𝑜𝑟𝑠𝑡
𝜏  demonstrates the utmost and worst fitness, 

respectively. 

𝑏𝜔
𝜏+1 = 𝑏𝜔

𝜏 [1 − 𝜐1 × 𝑂𝐶 + 𝜐2 × 𝑂𝐶] + 𝜐1 × 𝑂𝐶 × 𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 − 𝜐2 × 𝑂𝐶 × 𝑏𝑤𝑜𝑟𝑠𝑡

𝜏   (11) 

The solution of WSO is considered to combine with SAO’s solution for higher efficiency, thus the arithmetic 

expression is computed as, 

𝛹𝜍+1
𝜁

= 𝛹𝜍
𝜁

+
ℜ𝜍

𝜁

ℓ
; 𝑅𝑎𝑛𝑑 ≥ 𝑀𝐹  (12) 

Here, 𝛹𝜍+1
𝜁

 implies the new position vector of 𝜁𝑡ℎ  white shark in (𝜍 + 1)𝑡ℎ iteration, ℜ𝜍
𝜁
 specifies the new velocity 

vector of ℓ 𝜁𝑡ℎ white shark in (𝜍)𝑡ℎ iteration indicates the frequency of the wavy motion of the white shark, 𝑅𝑎𝑛𝑑 

enumerates an arbitrary value between [0,1] and 𝑀𝐹 defines the movement force. 

𝛹𝜍+1
𝜁

= 𝑏𝜔
𝜏+1  (13) 

𝛹𝜍
𝜁

= 𝑏𝜔
𝜏   (14) 

ℜ𝜍
𝜁

= ℜ𝜔
𝜏   (15) 

By substituting Equation 13 to 15 in 12, then the expression becomes, 

𝑏𝜔
𝜏+1 = 𝑏𝜔

𝜏 +
ℜ𝜔

𝜏

ℓ
  (16) 

𝑏𝜔
𝜏 = 𝑏𝜔

𝜏+1 −
ℜ𝜔

𝜏

ℓ
  (17) 

Apply Equation 17 in Equation 11, then the solution is written as, 

𝑏𝜔
𝜏+1 = (𝑏𝜔

𝜏+1 −
ℜ𝜔

𝜏

ℓ
) [1 − 𝜐1 × 𝑂𝐶 + 𝜐2 × 𝑂𝐶] + 𝜐1 × 𝑂𝐶 × 𝑏𝑎𝑔𝑒𝑛𝑡

𝜏 − 𝜐2 × 𝑂𝐶 × 𝑏𝑤𝑜𝑟𝑠𝑡
𝜏   (18) 

𝑏𝜔
𝜏+1 − 𝑏𝜔

𝜏+1[1 − 𝜐1 × 𝑂𝐶 + 𝜐2 × 𝑂𝐶] = [𝜐1 × 𝑂𝐶 × 𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 − 𝜐2 × 𝑂𝐶 × 𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ] − (
ℜ𝜔

𝜏

ℓ
) [𝜐1 × 𝑂𝐶 − 1 − 𝜐2 × 𝑂𝐶]  (19) 

𝑏𝜔
𝜏+1(1 − 1 + 𝜐1 × 𝑂𝐶 − 𝜐2 × 𝑂𝐶) =

ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ]

−ℜ𝜔
𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ
  

(20) 

𝑏𝜔
𝜏+1 =

ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ]−ℜ𝜔
𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ×(𝜐1×𝑂𝐶−𝜐2×𝑂𝐶)
  (21) 

The frequency ℓ is expressed as, 

max min
min

max min


 


 (22) 

Here, max min, expresses the maximal and minimal frequency.  

Step 5: Re-Evaluate the Fitness 

It is recomputed for obtaining an optimal solution with less error using Equation 4. 

Step 6: Termination 

The above steps will be performed till the solution obtains the finest population of smell molecules. Table 1 expresses 

the pseudocode of WSAO. 
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Table 1. Pseudocode of WSAO 

SL. No. Pseudocode of WSAO 

1 Input: Number of iterations (𝑰𝒕𝒓), population (ℵ) 

2 Output: 𝑏𝜔
𝜏+1 

3 Begin 

4 Initialize the parameters 

5 Determine fitness using Equation 4 

6 Generate the initial position of smell molecules in the search space and allocate the velocity using Equation 6. 

7 Determine velocity by Equation 8 and conduct sniffing mode by Equation 9. 

8 Evaluate the molecule’s position with the worst sniffing fitness and conduct the trailing mode using Equation 10 

9 Compute the update solution by utilizing Equation 21 

10 Re-evaluate the fitness measure 

11 End 

12 Return 

13 Terminate 

2-4- Image Augmentation based on the Segmented Image 

This method is used to generate new training samples from prior ones by applying transformations to the actual 

images. Here, the augmentation process takes place with the segmented image 𝛰𝜇, where it is carried out by using the 

following techniques. 

2-4-1- Shifting 

Shifting the image or particular object by a fixed number of pixels in any direction, like up, down, left, right, or 

diagonally [24]. Hence, shifting is specified as 𝛮1. 

2-4-2- Shearing 

It is the alteration of the actual image along ℏ and ƛ direction [23]. The shearing in ℏ - direction is determined as, 

[
𝜕ℏ

𝜕ƛ
] = (

1 𝑠ℎ𝑅
0 1

) ⋅ [
ℏ
ƛ

]  (23) 

Moreover, the shearing in ƛ - direction is determined as, 

[
𝜕ℏ

𝜕ƛ
] = (

1 0
𝑠ℎ𝑆 1

) ⋅ [
ℏ
ƛ

]  (24) 

Here, 𝜕ℏ and 𝜕ƛ enumerates the new position of every pixel after shearing ℏ and ƛ image coordinates. Thus, shearing 

is indicated as 𝛮2. 

2-4-3- Random Erasing 

This technique employs to random erase of one square in a square region of an image, which is denoted as 𝛮3. 

2-4-4- Cropping 

It is defined as the process of expanding the original image, and it is also known as zooming or scaling [23], which is 

calculated using, 

[
𝜕ℏ

𝜕ƛ
] = (

𝑅𝑐𝑟𝑜𝑝 0

0 𝑆𝑐𝑟𝑜𝑝
) ⋅ [

ℏ
ƛ

]  (25) 

2-4-5- Rotation 

It is performed to rotate the image around an axis in either a left or right direction [23] at an angles [1,359]. It is 
computed as, 

[
𝜕ℏ

𝜕ƛ
] = (

𝑐𝑜𝑠 𝜙 − 𝑠𝑖𝑛 𝜙
𝑠𝑖𝑛 𝜙 𝑐𝑜𝑠 𝜙

) ⋅ [
ℏ
ƛ

]  (26) 

Here, 𝜙 indicates rotation angle and rotation is referred as 𝛮5. 
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Hence, the augmented image 𝛮𝜇 is modelled as, 

𝛮𝜇 = {𝛮1, 𝛮2, 𝛮3, 𝛮4, 𝛮5}  (27) 

2-5- Feature Extraction based on an Augmented Image 

It generates numerical representations of the data and applies dimensionality reduction. The augmented image 𝛮𝜇 is 

taken to extract suitable features. 

2-5-1- SURF 

SURF [28] eliminates the local robust feature through the hessian detector as well as the distribution descriptor, where 

the Hessian detector automatically detects the interest points. Thus, it is articulated by, 

𝛫(𝑝, 𝜀) = [
𝛦𝑝𝑝(𝑝, 𝜀)𝛦𝑝𝑞(𝑝, 𝜀)

𝛦𝑝𝑞(𝑝, 𝜀)𝛦𝑞𝑞(𝑝, 𝜀)
]  (28) 

Moreover, the distribution-based descriptor computes the interest region. It is separated into 4 × 4 sub-regions that 

are determined by wavelet response, and the expression of the vector 𝛪 for every sub-region is calculated as, 

𝛪 = {∑ 𝑑𝑝, ∑|𝑑𝑝|, ∑ 𝑑𝑞, ∑|𝑑𝑞|}  (29) 

Here, 𝑑𝑝, 𝑑𝑞 wavelet response in 𝑝, 𝑞 direction, 𝛦𝑝𝑝(𝑝, 𝜀) elucidates conv of the image with the second derivative of 

the Gaussian. Here, 𝛵𝜇 specifies the textural feature obtained from the SURF feature. 

Moreover, textural feature 𝛵𝜇 is applied over statistical features and also Haralick texture features to acquire the 

resultant feature vector. 

2-5-2- Statistical features 

The statistical features are expressed below.  

a) Mean 

It describes the distribution’s central value, corresponding to the average pixel intensity. Thus, mean [25] is originated 

as, 

𝛸1 = ∑ 𝑥 × ℤ(𝛮𝜇)𝕊−1
𝑥=0   (30) 

Here, 𝛸1 depicts the mean, 𝕊 enumerates the overall gray levels, ℤ(𝛮𝜇) implies the probability of the input image, 

and x elucidates each gray level of an image. 

b) Variance 

It computes the spread or dispersion of grey level values in an image based on the mean grey level [25], and it is 

determined as, 

𝛸2 = ∑ (𝑥 − 𝜊)2 ∗ ℤ(𝛮𝜇)𝕊−1
𝑥=0   (31) 

Here, 𝛸2 defines variance, 𝜊 indicates the mean. 

c) Skewness 

It explains and measures the degree of asymmetry of the distribution of a particular feature around the mean [25], and 

it is enumerated as, 

𝛸3 = 𝜊−3[∑ (𝑥 − 𝜊)3 ∗ ℤ(𝛮𝜇)𝕊−1
𝑥=0 ]  (32) 

d) Kurtosis 

It evaluates the levelling of a distribution based on the normal distribution, and it is known as the fourth normalized 

moment [25]. Kurtosis is calculated as, 

𝛸4 = 𝜊−4[∑ (𝑥 − 𝜊)4 ∗ ℤ(𝛮𝜇)𝕊−1
𝑥=0 ]  (33) 

Here, 𝛸4 explicates kurtosis. 



Emerging Science Journal | Vol. 10, No. 3 

Page | 1224 

The features extracted from this phase 𝛸𝜇 are depicted as, 

𝛸𝜇 = {𝛸1, 𝛸2, 𝛸3, 𝛸4}  (34) 

2-5-3- Haralick Features 

The Haralick features considered for this research are, 

a) Contrast 

It evaluates local intensity variations, yielding smaller values when neighboring pixels share similar gray levels. 

Contrast [26] is modeled as, 

𝛧1 = ∑ ∑ (𝑥 − 𝑦)2𝑊(𝛮𝜇)𝐸
𝑦

𝐷
𝑥   (35) 

Here, 𝛧1 implies contrast, and 𝐷, 𝐸 represents the dimension of an image 𝑊(𝛮𝜇) for 𝑥 = 1,2, . . . . . . . , 𝐷; 𝑦 =

1,2, . . . . . . . , 𝐸.  

b) Correlation 

It represents the level of correlation between the two pixels in each pixel pair. When the gray levels of the pixel pairs 

are largely interrelated, the Correlation [26] is predicted to be large. Thus, it is enumerated by, 

𝛧2 = ∑ ∑
(𝑥−𝜊)(𝑦−𝜊)𝑊(𝛮𝜇)

℘2
𝐸
𝑦

𝐷
𝑥   (36) 

Here, 𝛧2 enumerates correlation, 𝜊 and ℘ indicates the mean and standard deviation.  

c) ASM 

It determines the count of repeated pairs. When the presence of repeated pixel pairs is high, the ASM [26] is expected 

to be large. ASM is modelled as, 

𝛧3 = ∑ ∑ 𝑊2(𝛮𝜇)𝐸
𝑦

𝐷
𝑥   (37) 

Here, 𝛧3 refers to ASM. 

d) Homogeneity 

It evaluates the degree of smoothness within the pixel pair. When the gray levels of each pixel pair are the same, it is 

predictable to be maximum [26] and it is given by, 

𝛧4 = ∑ ∑
𝑊(𝛮𝜇)

1+|𝑥−𝑦|
𝐸
𝑦

𝐷
𝑥   (38) 

Here, 𝛧4 depicts homogeneity.  

The Haralick features 𝛧𝜇 attained from this phase are enumerated as, 

𝛧𝜇 = {𝛧1, 𝛧2, 𝛧3, 𝛧4}  (39) 

Therefore, the feature vector 𝛭𝜇1 is modelled as, 

𝛭𝜇1 = {𝛸𝜇 , 𝛧𝜇}  (40) 

Here, 𝛸𝜇 denotes statistical features and 𝛧𝜇 indicates Haralick features. 

2-5-4- CNN Feature 

CNN [27] comprises interconnected layers, wherein every layer has a set of neurons. Here, 𝛮𝜇 is given as the input 

to CNN structure. The activations of neurons in a layer arise from applying a function to the outputs from the preceding 

layer, which is determined as ƛ = 𝕜(𝛮𝜇). The layers of CNN are Fully connected (FC), conv, activation and pooling, 

where the conv layer is extracted from the CNN network. A conv layer uses parameter sharing, where identical weights 

and a bias are applied across neurons, making up the filter. Assume filter dimension as 𝑁𝑛 × 𝑁𝑛, then every neuron is 

linked to 𝑁𝑛 × 𝑁𝑛region of neurons in the prior layer. Moreover, the resultant for (𝐽𝑗, 𝐾𝑘)
𝑡ℎ

neuron is determined as, 
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𝛭𝜇2 = ∑ ∑ 𝑊𝑤𝐿𝑙,𝑀𝑚
𝛮𝜇(𝐽𝑗+𝐿𝑙,𝐾𝑘+𝑀𝑚)

+ 𝐵𝑏
𝑁𝑛−1
𝑀𝑚=0

𝑁𝑛−1
𝐿𝑙=0   (41) 

Here, 𝛭𝜇2 indicates CNN feature, 𝑊𝑤𝐿𝑙,𝑀𝑚
 elucidates the weight connection between 𝐿𝑙

𝑡ℎand 𝑀𝑚
𝑡ℎ neuron, and 𝐵𝑏  

enumerates bias. The configuration of the CNN features is presented in Figure 3. 

 

Figure 3. Outlook of CNN feature 

Finally, the resultant feature vector 𝛭𝜇 is depicted as, 

𝛭𝜇 = {𝛭𝜇1, 𝛭𝜇2}  (42) 

2-6-  Melanoma Classification Using FWSAO_CNN-Based TL 

Melanoma is considered a highly deadly type of skin cancer. However, distinguishing it from a nevus is challenging 

because both share similar features and symptoms. This malignancy exhibits a mortality rate that outstrips other 

dermatological cancers. When the occurrence of melanoma is increasing amongst children, early diagnosis can enhance 

the survival rate. However, the cost and time to evaluate all patients for melanoma are considerable. Therefore, the 

melanoma classification is accomplished by FWSAO_CNN-based TL. The structure of this newly developed module is 

explained below. 

2-6-1- GoogleNet with CNN-Based TL 

Figure 4 enumerates GoogleNet with CNN-based TL representation. Here, the feature vector 𝛭𝜇 is given to train the 

GoogleNet module. After performing the training process, the hyperparameters are fetched from the trained GoogleNet. 

Here, the fetched hyperparameters are signified as 𝔽𝜇. Thereafter, the feature vector 𝛭𝜇 and fetched hyperparameters 

are subjected to the CNN module for the training process. Finally, the classified outcome is attained. 

 

Figure 4. Block diagram of GoogleNet with CNN-based TL 
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a) GoogleNet 

GoogLeNet [30] is the advanced version of the Inception architecture. It employs a deeper and wider Inception 

network with utmost quality, yet it adds to the ensemble-based technique for slightly improving the outcomes. This 

architecture is trained with diverse image patch sampling techniques.  

The entire conv layer, along with the Inception model, utilize the ReLU function. The dimension of the receptive 

field in this structure is 224 × 224 in the RGB color space with zero mean. [3 × 3] eradicate and [5 × 5] reduce 

enumerates number of 1 × 1 filters in the reduction layer employed before [3 × 3] as well as [5 × 5] conv functions. 

GoogleNet has 22 deep layers with parameters, or 27 layers with parameters and pooling layers. The layers employed 

for constructing the network are 100. The linear layer allows for convenient adjustment of the networks to different 

labels, but it is primarily utilized for ease of use and does not anticipate it to significantly impact performance. Moreover, 

it is identified that a transmission from FC layers to average pooling enhanced the accuracy, yet the usage of dropout 

remained even when FC layers are eliminated. 

Owing to network depth, the capability of gradients back through all layers raises some issues. The superior 

performance in shallower networks suggests that the features generated by intermediate layers are quite discriminative. 

For improving discrimination in a small-scale classifier, auxiliary classifiers are designed and connected to the 

intermediate layers. It intends to conquer the vanishing gradient issue by acting as a form of regularization. These 

auxiliary classifiers have small conv networks positioned on top of the results of Inception models. During training, its 

loss information is included in the overall network loss with a discount weight. Nevertheless, these auxiliary networks 

are removed at inference time. This analysis shows that the influence of these auxiliary networks is relatively minimal, 

which is enough to attain better outcomes.  

Therefore, the classified output is depicted as 𝛨𝜇. Figure 5 shows the GoogleNet structure. 

 

Figure 5. Structure of GoogleNet 
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b) CNN module 

CNN [29] has conv layers, maxpooling layers, activation functions like Rectified Linear Unit (ReLU) or sigmoid and 

a softmax layer that creates a well-determined probability distribution for classification tasks. Here, the 𝛭𝜇 and 𝔽𝜇are 

given as the input for the CNN structure, which is commonly implied as 𝕂𝜇. 

Generally, the initial conv layer extracts subsequent layers, that serves as higher-level feature extractors. The pooling 
layer is deployed for determining the mean of every patch of the feature map from the preceding layer. ReLU is employed 
for addressing the saturation issue. The arithmetic form of CNN is specified as A that is the configuration of a sequence 

of functions, and it is determined as, 

𝐺 = 𝑔𝐼𝑔𝐼−1𝑔𝐼−2𝑔 … 𝑔2𝑔1  (43) 

Every function A exploits a layer that considers the result of the former layer. Once the training process is performed, 
CNN is used as a classifier based on TL, which is deployed to enhance the performance. The classified output is specified 
as 𝛨𝜇. Figure 6 displays the CNN structure. 

 

Figure 6. CNN structure 

2-6-2- Training Algorithm of GoogleNet with CNN-Based TL 

FWSAO is designed for training GoogleNet with CNN-based TL, and it is designed based on the fractional calculus 

(FC) and WSAO. The algorithm of WSAO is already elaborated in section 2.3.2. In addition to that, the updated solution 

of WSAO is considered for training GoogleNet with CNN-based TL by applying FC.  

a) Fitness value 

It is computed to achieve the utmost outcomes with the appropriate candidate solution, where its arithmetic expression 

is determined in the form of, 

𝐹𝑖𝑡 =
1

𝜈
∑ [𝑍𝜇 − 𝛨𝜇]

2𝜈
𝜇=1   (44) 

b) Algorithm steps 

The steps followed for FWSAO are described in section 2.3.2 c). The updated solution of WSAO is modelled as, 

𝑏𝜔
𝜏+1 =

ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ]−ℜ𝜔
𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ×(𝜐1×𝑂𝐶−𝜐2×𝑂𝐶)
  (45) 

To apply FC, subtract 𝑏𝜔
𝜏  on both sides; therefore, the above expression is rewritten as, 

𝑏𝜔
𝜏+1 − 𝑏𝜔

𝜏 =
ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡

𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡
𝜏 ]−ℜ𝜔

𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ×(𝜐1×𝑂𝐶−𝜐2×𝑂𝐶)
− 𝑏𝜔

𝜏   (46) 

Apply the FC to the above expression for better stability, then the updated solution is determined as, 

𝑏𝜔
𝜏+1 − 𝛿𝑏𝜔

𝜏 −
1

2
𝑏𝜔

𝜏−1 −
1

6
𝑏𝜔

𝜏−2 −
1

24
𝛿(1 − 𝛿)(2 − 𝛿)𝑏𝜔

𝜏−3 =

ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ]

−ℜ𝜔
𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ×(𝜐1×𝑂𝐶−𝜐2×𝑂𝐶)
− 𝑏𝜔

𝜏   
(47) 

𝑏𝜔
𝜏+1 = (𝛿 − 1)𝑏𝜔

𝜏 +
1

2
𝑏𝜔

𝜏−1 +
1

6
𝑏𝜔

𝜏−2 +
1

24
𝛿(1 − 𝛿)(2 − 𝛿)𝑏𝜔

𝜏−3 +

ℓ[𝜐1×𝑂𝐶×𝑏𝑎𝑔𝑒𝑛𝑡
𝜏 −𝜐2×𝑂𝐶×𝑏𝑤𝑜𝑟𝑠𝑡

𝜏 ]

−ℜ𝜔
𝜏 [𝜐1×𝑂𝐶−1−𝜐2×𝑂𝐶]

ℓ×(𝜐1×𝑂𝐶−𝜐2×𝑂𝐶)
  

(48) 

Here, 𝛿 is defined as constant. 

3- Results and Discussion 

The results of FWSAO_CNN-based TL are evaluated in corresponding sub-sections based on traditional algorithms.  

3-1- Experimental Setup 

The optimized FWSAO_CNN-based TL framework is efficiently implemented in Python. 

 
Input



 1 28 28 32    

   conv2d_59

 1 28 28 32    

max_pooling2d_13

 1 14 14 32    

   conv2d_60

 1 14 14 64    

flatten_3

 1 2048  

dense_2

 1 128  

Output 

 1 28 28 32    
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3-2- Dataset Description 

The proposed FWSAO_CNN-based TL is evaluated using two datasets which are described in the below section. 

3-2-1- Skin Lesion Images for Melanoma Classification  

Skin Lesion Images for Melanoma Classification database (dataset 1) [18] is composed of the training data for the 

ISIC 2019 challenge. Moreover, the database for ISIC 2019 has 25,331 images which belong to nine classes. It is 

considerably employed for the process of dermoscopic image classification. The size of this database is 1.29 MB.  

3-2-2- Melanoma Skin Cancer Dataset of 10000 Images  

The Melanoma Skin Cancer Dataset of 10000 images (dataset 2) [31] contains 10000 images, of which 9600 images 

are used for training and 1000 images are used for testing. The training set consists of two directories of where one 

directory consists of 5000 benign files and 4605 malignant files. The test set has 2 directories, one of which has 500 

benign files and another has 500 malignant files.  

3-3- Experimental Outcomes 

Figure 7 demonstrates the Image results of melanoma classification. Figure 7 a) input image-1, Figure 7 b) filter 

image-1, Figure 7 c) segmented image-1, Figure 7 d) segmented color image-1, Figure 7 e) sheared image-1, Figure 7 f) 

shifted image-1, Figure 7 g) rotated image-1, Figure 7 h) erased image-1, Figure 7 i) cropped image-1, Figure 7 j) 

classified image-1, Figure 7 k) input image-2, Figure 7 l) filter image-2, Figure 7 m) segmented image-2, Figure 7 n) 

segmented color image-2, Figure 7 o) sheared image-2, Figure 7 p) shifted image-2, Figure 7 q) rotated image-2, Figure 

7 r) erased image-2, Figure 7 s) cropped image-2, and Figure 7 t) classified image-2. 

    

(a) (f) (k) (p) 

    

(b) (g) (l) (q) 

    

(c) (h) (m) (r) 

    

(d) (i) (n) (s) 

    

(e) (j) (o) (t) 

Figure 7. Image results of melanoma classification, a) input image-1, b) filter image-1, c) segmented image-1, d) segmented 

color image-1, e) sheared image-1, f) shifted image-1, g) rotated image-1, h) erased image-1, i) cropped image-1, j) classified 

image-1, k) input image-2, l) filter image-2, m) segmented image-2, n) segmented color image-2, o) sheared image-2, p) shifted 

image-2, q) rotated image-2, r) erased image-2, s) cropped image-2, t) classified image-2. 
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3-4- Evaluation Metrics 

The metrics analyzed for FWSAO_CNN-based TL are expressed below. 

3-4-1- Accuracy 

It computes the accurate classification of test cases to the overall test cases [32], which is enumerated as, 

𝑀1 =
𝐽𝑝+𝐽𝑛

𝐽𝑝+𝐽𝑛+𝐿𝑝+𝐿𝑛
  (49) 

3-4-2- TPR 

The percentage of accurate classification from the overall number of positive cases is known as TPR [32], which is 

determined as, 

𝑀2 =
𝐽𝑝

𝐽𝑝+𝐿𝑛
  (50) 

3-4-3- TNR 

The percentage of accurate negative classification from the overall number of negative cases is known as TNR [32], 

which is computed as, 

𝑀3 =
𝐽𝑛

𝐽𝑛+𝐿𝑝
  (51) 

Here, 𝐿𝑝, 𝐿𝑛 , specifies false positive and negative as well as 𝐽𝑝, 𝐽𝑛, implies true positive and negative. 

3-5- Performance Analysis 

The FWSAO_CNN-based TL evaluation regarding epoch values is carried out with training data and the K-value. 

3-5-1- Analysis of FWSAO_CNN-based TL with Training Data 

The FWSAO_CNN-based TL analysis with training data is demonstrated in Figure 8. Here, the epoch values are from 

20 to 100 and also the training data is taken as 90%. Figure 8 a) depicts the FWSAO_CNN-based TL assessment 

regarding accuracy. The performance values of FWSAO_CNN-based TL with accuracy gained 77.847%, 82.804%, 

84.887%, 86.186% and 90.840% for epochs 20 to 100. In Figure 8 b), the FWSAO_CNN-based TL evaluation relating 

to TPR is represented. In this assessment, TPR achieved for the FWSAO_CNN-based TL model is 78.730%, 81.403%, 

83.341%, 86.079% and 90.409% for epochs from 20 to 100. Figure 8 c) elucidates FWSAO_CNN-based TL valuation 

based on TNR. Here, the FWSAO_CNN-based TL with respect to TNR gained 79.423%, 82.811%, 84.964% and 

87.356% and 90.318% for epochs 20 to 100. The evaluation results demonstrate that the performance of the proposed 

FWSAO_CNN-based TL model improves consistently with increasing epochs. This indicates that the model benefits 

from extended training, thereby proving its reliability and effectiveness in melanoma classification. 

  

(a) (b) 
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(c) 

Figure 8. Analysis of FWSAO_CNN-based TL with training data, a) Accuracy, b) TPR, c) TNR 

3-5-2- Analysis of FWSAO_CNN-based TL with K-value 

The FWSAO_CNN-based TL analysis is illustrated in Figure 9. The K-value is considered as 9 across different 

epochs. In Figure 9 a), the results of FWSAO_CNN-based TL assessment of accuracy are presented, showing the 

performance values of 78.929%, 82.649%, 84.308%, 85.822% and 90.644% for epochs 20 to 100, respectively. Figure 

9 b) provides an evaluation of the FWSAO_CNN-based TL model regarding TPR. The FWSAO_CNN-based TL based 

on TPR obtained 78.744%, 81.338%, 83.688%, 85.660% and 90.964% across the epochs from 20 to 100. Figure 9 c) 

represents FWSAO_CNN-based TL performance in terms of TNR, which gained 80.726%, 83.233%, 84.978%, 

87.097%, and 91.785% for epochs 20 to 100. The assessment results indicate that the proposed FWSAO_CNN-based 

TL model exhibits consistent improvement across accuracy, TPR, and TNR as the number of training epochs increases 

from 20 to 100. This highlights the effectiveness and robustness of the proposed model in melanoma classification 

  

(a) (b) 

 

(c) 

Figure 9. Analysis of FWSAO_CNN-based TL with K-value, a) Accuracy, b) TPR, c) TNR 
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3-6- Comparative Methods 

The FWSAO_CNN-based TL is evaluated with the traditional methods such as LCNet [9], GoogleNet [11], GC-

SCNN+SVM [14], Explainable CNN-based stacked ensemble [6], ViT-L/16 [16] and EDLCS [17]. 

3-7- Comparative Analysis 

The FWSAO_CNN-based TL regarding training data and K-value is carried out in the following sections. 

3-7-1- Evaluation of FWSAO_CNN-based TL Employing Dataset 1 

The proposed FWSAO_CNN-based TL is assessed using training data and K-value, which is given in the section 

below. 

a) Analysis of FWSAO_CNN-based TL with Training Data 

Figure 10 designates FWSAO_CNN-based TL valuation regarding training data, where its value is assumed as 90%. 

In Figure 10 a), FWSAO_CNN-based TL assessment is carried out, based on accuracy is illustrated. The FWSAO_CNN-

based TL is evaluated based on the accuracy obtained 91.565% where the conventional techniques, like ViT-L/16, 

EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble, achieved accuracy of 

74.715%, 84.144%, 75.469%, 80.074%, 84.055% and 85.861%. Figure 10 b) enumerates the FWSAO_CNN-based TL 

assessment regarding TPR. Here, the TPR obtained for the FWSAO_CNN-based TL module is 90.090%, while the prior 

methods like ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble 

acquired TPRs of 78.258%, 84.081%, 79.048%, 80.873%, 83.315%, and 85.797%. In Figure 10 c), the FWSAO_CNN-

based TL analysis concerning TNR is designated. This shows the better value of FWSAO_CNN-based TL in terms of 

TNR of 91.269%, where the traditional methodologies, namely, ViT-L/16, EDLCS, LCNet, GoogleNet, GC-

SCNN+SVM, and Explainable CNN-based stacked ensemble, accomplished TNRs of 77.325%, 83.350%, 77.325%, 

83.35%, 85.125% and 87.734%. The analysis results demonstrate that the proposed FWSAO_CNN-based TL 

consistently outperforms conventional methods across all the considered metrics, thereby indicating its superior 

effectiveness and reliability in melanoma classification. 

  

(a) (b) 

 

(c) 

Figure 10. Valuation of FWSAO_CNN-based TL with training data, a) Accuracy, b) TPR, c) TNR 

b) Analysis of FWSAO_CNN-based TL with K-value 

Figure 11 displays the analysis of FWSAO_CNN-based TL utilizing K-values of 5-9. In Figure 11 a), the accuracy 

of the FWSAO_CNN-based TL method is explicated. The evaluation of FWSAO_CNN-based TL with accuracy gained 
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91.358%, while previous approaches such as ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable 

CNN-based stacked ensemble achieved 78.542%, 85.984%, 79.335%, 82.189%, 84.594% and 87.738%. Figure 11 b) 

shows the assessment of FWSAO_CNN-based in accordance with TPR. In this analysis, the TPR attained by the 

FWSAO_CNN-based TL module is 89.084%, where existing techniques, namely, ViT-L/16, EDLCS, LCNet, 

GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble, acquired TPR of 79.407%, 85.984%, 

80.209%, 81.467%, 83.920% and 86.700%. In Figure 11 c), the FWSAO_CNN-based TL based on TNR is demonstrated. 

The TNR obtained by the FWSAO_CNN-based TL framework is 89.530%, where the TNRs attained by ViT-L/16, 

EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble are 77.075%, 83.623%, 

7.854%, 81.31%, 82.761% and 85.329%. The assessment results confirm that the proposed FWSAO_CNN-based TL 

method achieves superior performance in melanoma classification compared to existing methods. This demonstrates the 

robustness and effectiveness of the proposed approach in effective melanoma classification. 

  

(a) (b) 

 

(c) 

Figure 11. Analysis of FWSAO_CNN-based TL with K-value, a) Accuracy, b) TPR, c) TNR 

3-7-2- Evaluation of FWSAO_CNN-based TL Employing Dataset 2 

Figure 12 displays the evaluation of FWSAO_CNN-based TL valuation regarding training data 50-90% and 

employing dataset 2. In Figure 12 a), the FWSAO_CNN-based TL assessment based on accuracy is illustrated. The 

FWSAO_CNN-based TL obtained an accuracy of 90.191% where the conventional techniques, like ViT-L/16, 

EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble, achieved an 

accuracy of 72.107%, 73.594%, 75.337%, 78.872%, 82.794% and 84.573% for the training data 90%. Figure 12 b) 

enumerates FWSAO_CNN-based TL assessment regarding TPR. Here, the TPR obtained for the FWSAO_CNN-

based TL module is 88.738%, while the prior methods like ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, 

and Explainable CNN-based stacked ensemble acquired TPRs of 75.526%, 77.084%, 77.862%, 79.66%, 82.065%, 

84.51%, when the training data is 90%. In Figure 12 c), the FWSAO_CNN-based TL analysis concerning TNR is 

designated. For the training data 90%, the FWSAO_CNN-based TL attained a TNR of 89.9%, where the traditional 

methodologies, namely, ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based 

stacked ensemble, accomplished TNRs of 73.88%, 75.404%, 76.165%, 82.1%, 83.848% and 86.418%. The 

assessment results demonstrate that the FWSAO_CNN-based TL model delivers consistently high performance 

across different training data proportions on dataset 2. This proves that FWSAO_CNN-based TL model is capable 

of effectively classifying melanoma. 
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(a) (b) 

 
(c) 

Figure 12. Assessment of FWSAO_CNN-based TL with training data employing dataset 2, a) Accuracy, b) TPR, c) TNR 

3-8- Segmentation Accuracy 

The WSAO_LinkNet is evaluated for segmentation accuracy with the conventional segmentation techniques such as 

U-Net [33], K-Net [34], Deepjoint segmentation [35] and Deep Fuzzy Clustering (DFC) [36]. Figure 13 enumerates the 

segmentation accuracy of WSAO_LinkNet based on training data employing dataset 1. When training data is 90%, the 

WSAO_LinkNet obtained segmentation accuracy of 90.899%. Meanwhile, the traditional approaches, namely, U-Net, 

K-Net, Deepjoint segmentation and DFC, achieved 79.668%, 81.398%, 84.524% and 87.659%. While comparing the 

WSAO_LinkNet with the classical segmentation models like U-Net, K-Net, Deepjoint segmentation and DFC, the 

performance enhancement of WSAO_LinkNet obtained 12.355%, 10.452%, 7.013% and 3.564%. The evaluation results 

demonstrate that the proposed WSAO_LinkNet achieves superior segmentation performance compared to conventional 

methods. This indicates that WSAO_LinkNet provides more precise and reliable lesion segmentation, which is crucial 

for accurate melanoma classification. 

 

Figure 13. Segmentation Accuracy of training data employing dataset 1 
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3-9- Scalability Analysis 

Figure 14 illustrates the scalability assessment of the FWSAO_CNN-based TL by varying the image size and using 

accuracy metrics, employing the two datasets. Image sizes used for this evaluation are 32x32, 64x64, 128x128, 256x256 

and 512x512. Figure 14 a) depicts the scalability analysis of the FWSAO_CNN-based TL and the prior methods utilizing 

dataset 1. When the image size is 256x256, the accuracy attained by ViT-L/16 is 76.27%, EDLCS is 77.84%, LCNet is 

78.63%, GoogleNet is 81.66%, GC-SCNN+SVM is 83.62%, and Explainable CNN-based stacked ensemble is 86.81%, 

while the proposed FWSAO_CNN-based TL attained an accuracy of 90.2%. The scalability analysis regarding dataset 

2 is displayed in Figure 14 b). The accuracy attained by ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, 

Explainable CNN-based stacked ensemble and FWSAO_CNN-based TL are 77.41%, 79.01%, 79.81%, 81.06%, 83.5%, 

86.27% and 88.64%, when the image size is 512x512. The scalability assessment demonstrates that the proposed 

FWSAO_CNN-based TL model maintains high accuracy across varying image sizes and datasets. This indicates that the 

model is robust and scalable in effectively handling different image resolutions without significant performance 

degradation in melanoma classification tasks. 

  

(a) (b) 

Figure 14. Scalability analysis utilizing a) dataset 1 and b) dataset 2 

3-10-  Sensitivity Analysis 

The sensitivity analysis of the FWSAO_CNN-based TL with accuracy by varying the training data from 50-90% and 

batch size from 8-128 employing the two datasets is displayed in Figure 15. The sensitivity assessment utilizing dataset 

1 is illustrated in Figure 15 a). Here, the accuracy attained by FWSAO_CNN-based TL with batch size 8 is 77.07%, 

batch size 16 is 81.98%, batch size 32 is 84.04%, batch size 64 is 85.32% and batch size 128 is 89.93%. Figure 15 b) 

displays the sensitivity analysis employing dataset 2. The accuracy attained by FWSAO_CNN-based TL with batch size 

8 is 77.94%, FWSAO_CNN-based TL with batch size 16 is 80.59%, FWSAO_CNN-based TL with batch size 32 is 

82.51%, FWSAO_CNN-based TL with batch size 64 is 85.22% and FWSAO_CNN-based TL with batch size 128 is 

89.5%. The sensitivity analysis indicates that the performance of the FWSAO_CNN-based TL model improves 

consistently with increasing batch size across both datasets. This highlights the robust behavior of FWSAO_CNN-based 

TL under varying hyperparameter conditions, for efficient melanoma classification. 

  

(a) (b) 

Figure 15. Sensitivity analysis employing a) dataset 1 and b) dataset 2 
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3-11-  Analysis based on Computational Time and Memory 

Table 2 displays the computational time and memory analysis of the proposed FWSAO_CNN-based TL employing 

the two datasets. In this assessment, the proposed FWSAO_CNN-based TL requires the processing time of 3.0 s and 

memory of 20.0 MB with dataset 1 and processing time of 5.55 s and memory of 22.5 MB of memory with dataset 2, 

which are the lowest among all evaluated models, such as ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, 

and Explainable CNN-based stacked ensemble. The computational analysis demonstrates that the proposed 

FWSAO_CNN-based TL model is highly efficient compared to existing methods in melanoma classification. 

Table 2. Computational time and memory assessment 

Metrics/ Methods ViT-L/16 EDLCS LCNet GoogleNet 
GC-

SCNN+SVM 

Explainable CNN-

based stacked ensemble 

Proposed FWSAO_CNN-

based TL 

Dataset 1 

Computational time (s) 10.0 8.80 7.70 6.50 5.30 4.20 3.00 

Computational Memory (MB) 45.0 40.8 36.7 32.5 28.3 24.2 20.0 

Dataset 2 

Computational time (s) 12.5 11.6 10.3 9.54 8.60 7.56 5.55 

Computational Memory (MB) 51.6 50.6 49.3 47.5 36.5 29.6 22.5 

3-12- Analysis based on Confidence Interval 

The confidence interval assessment of FWSAO_CNN-based TL regarding the accuracy metrics and utilizing the two 

datasets is illustrated in Table 3. In this analysis, the proposed FWSAO_CNN-based TL achieves a confidence interval 

of 86.1–92.1 with dataset 1 and 83.3-90.9 with dataset 2, which are highest range among all compared methods, such as 

ViT-L/16, EDLCS, LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble. This analysis 

highlights that the proposed FWSAO_CNN-based TL model is robust, stable, and trustworthy for melanoma 

classification tasks. 

Table 3. Confidence Interval analysis  

Methods 
Confidence Intreval 

Dataset 1 Dataset 2 

ViT-L/16 [72.4-76.1] [69.5-74.3] 

EDLCS [81.2-85.4] [71.2-75.1] 

LCNet [74.1-76.7] [72.8-75.9] 

GoogleNet [75.2-81.6] [73.4-79.4] 

GC-SCNN+SVM [81.9-85.3] [80.2-83.5] 

Explainable CNN-based stacked ensemble [83.2-86.7] [81.9-86.2] 

Proposed FWSAO_CNN-based TL [86.1-92.1] [83.3-90.9] 

3-13-  Comparative Discussions 

Table 4 articulates comparative values of FWSAO_CNN-based TL. Here, the novel framework is compared with 

the existing models like LCNet, GoogleNet, GC-SCNN+SVM, and Explainable CNN-based stacked ensemble. The 

accuracy of the proposed approach obtained 91.565%, while the former methods observed 74.715%, 84.144%, 

75.469%, 80.074%, 84.055% and 85.861%. This shows that the high accuracy of FWSAO_CNN-based TL shows 

better representation of the model's ability to differentiate between the two classes due to the balanced dataset. The 

FWSAO_CNN-based TL based on TNR gained 90.090%, where the prior methods acquired 78.258%, 84.081%, 

79.048%, 80.873%, 83.315% and 85.797%. This expresses that the proposed technique is efficient in detecting 

melanoma cases, which is important for preventing undiagnosed cases of cancer. Moreover, the TNR of 

FWSAO_CNN-based TL obtained 91.269%, where the traditional approaches accomplished 77.325%, 83.35%, 

77.325%, 83.350%, 85.125% and 87.734%. This demonstrates that the designed framework reduces the risk of 

psychological distress and unnecessary medical procedures. Therefore, this analysis based on the evaluation measures 

demonstrates that the proposed approach is easy to understand and interpret, avoids irrelevant treatments, and 

provides superior generalizability. 
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Table 4. Comparative Discussions 

Setups 
Metrics/ 

Methods 
ViT-L/16 EDLCS LCNet GoogleNet GC-SCNN+SVM 

Explainable CNN-based 

stacked ensemble 

Proposed 

FWSAO_CNN-based TL 

Dataset 1 

Training 

data=90% 

Accuracy (%) 74.715 84.144 75.469 80.074 84.055 85.861 91.565 

TPR (%) 78.258 84.081 79.048 80.873 83.315 85.797 90.090 

TNR (%) 77.325 83.350 77.325 83.350 85.125 87.734 91.269 

K-value=9 

Accuracy (%) 78.542 85.984 79.335 82.189 84.594 87.738 91.358 

TPR (%) 79.407 84.966 80.209 81.467 83.920 86.700 89.084 

TNR (%) 77.075 83.623 77.854 81.310 82.761 85.329 89.530 

Dataset 2 

Training 

data=90% 

Accuracy (%) 72.107 73.594 74.337 78.872 82.794 84.573 90.191 

TPR (%) 75.526 77.084 77.862 79.660 82.065 84.510 88.738 

TNR (%) 73.880 75.404 76.165 82.100 83.848 86.418 89.900 

4- Conclusion 

Skin cancer is the most serious health threat experienced by individuals, with melanoma being a certain type that 

develops in the melanocytes, where the cells of melanocytes are responsible for skin pigmentation. Early detection of 

melanoma is essential for lowering mortality rates associated with this disease. In this research, a novel FWSAO_CNN-

based TL is established for melanoma classification. From the given dataset, a particular skin image is taken to classify 

melanoma disease. After that, the input image is initially pre-processed by the adaptive Kalman filter, and 

LinkNet_WSAO is considered for segmenting skin lesions from the pre-processed image. Thereafter, the segmented 

image is then given to the augmentation process, which is done by employing augmentation techniques. Followed by 

this process, feature extraction is conducted to obtain the utmost feature vectors. Finally, the melanoma classification is 

done by employing FWSAO_CNN-based TL. The evaluation metrics of FWSAO_CNN-based TL, like accuracy, TPR, 

and TNR, achieved 91.565%, 90.090%, and 91.269%. The proposed FWSAO_CNN-based TL model aids in early 

melanoma detection, supports clinicians with accurate diagnosis, enables remote screening via teledermatology, and 

assists in medical training with annotated images. However, FWSAO_CNN-based TL is trained for dermoscopic skin 

images and not assessed on other medical imaging modalities such as histopathology slides, CT scans, and MRI images. 

Future work involves evaluating the FWSAO_CNN-based TL model on different imaging modalities to further assess 

the generalizability of the model. 
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