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Abstract

In this study, a thorough methodology is used to present a unique way for improving skin cancer prediction
accuracy. The research uses sophisticated preprocessing methods, such as the Frost filter for noise reduction
and histogram equalization for contrast enhancement, to boost contrast on dermoscopic pictures from various
sources, using an ISIC 2020 dataset. These actions greatly raise the dermoscopic pictures’ overall quality
and usefulness for diagnosis. Utilizing labeled data for training, we offer a Fuzzy-based C-means clustering
technique based on Neutrosophic Logic during the segmentation phase. In order to overcome ambiguities
in skin lesion segmentation, the neutrosophic set—a groundbreaking idea in philosophy—is used. The sug-
gested model enhances the accuracy of segmentation by modifying the neutrosophic set functions. For precise
prediction, the approach combines Support Vector Machine (SVM) classification with Histogram of Oriented
Gradient (HOG) feature extraction. While SVM, a supervised learning algorithm, diagnoses skin lesions based
on the collected features, HOG features capture gradient information. To improve object recognition and clas-
sification, the HOG-SVM architecture is made to methodically collect and quantify essential information using
dermoscopic pictures. The use of Neutrosophic Fuzzy Logic, which combines the benefits of fuzzy cluster-
ing with neutrosophic sets to produce more precise and nuanced predictions, sets the suggested method apart.
The integration of different approaches into a holistic solution for skin cancer prediction is what makes the
proposed study innovative. Findings and performance analysis show of the HOG-SVM method exhibits an
outstanding accuracy of 98.69%, outperforming LR, KNN, and GNB methods. Python software is used to
accomplish the suggested approach. This discovery opens up a possible path for better skin cancer diagnosis
and advances the rapidly developing fields of dermatology and medical image processing.

Keywords: Skin Cancer Diagnostics; Neutrosophic Logic; Histogram of Oriented Gradient; Support Vector
Machine; Frost Filter
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1 Introduction

Skin cancer prediction is of paramount importance in the field of healthcare, considering the increasing preva-
lence of this potentially life-threatening condition!' Early intervention can be facilitated by accurate and timely
prediction, which can improve treatment results and increase patient survival rates. Melanoma, squamous cell
carcinoma, and basal cell carcinoma are the three primary kinds of skin cancer, which is a type of malignancy
that starts in the skin cells? The most dangerous kind, melanoma, originates from the melanocytes that pro-
duce pigment. Because of its increased propensity to spread, early identification is essential. While basal cell
carcinoma originates in the basal cells, which are in charge of skin regeneration, squamous cell carcinoma
grows in the squamous cells, which make up the skin’s outer layer. Every kind has unique traits, thus correctly
classifying them is necessary to develop effective treatment plans® Utilizing cutting-edge technology like
image analysis and machine learning can greatly aid in the creation of prediction models that can be used to
diagnose skin cancer patients early and provide them with individualized therapy.®

Deep learning’s use into skin lesion identification has transformed dermatology by providing a strong, au-
tomated method for identifying possible skin cancer indications. Convolutional neural networks (CNNs), in
particular, are deep learning algorithms that have demonstrated extraordinary effectiveness in image classifica-
tion tasks” This makes CNNs a good fit for analyzing medical pictures, including skin lesions. These methods
enable precise and effective identification of worrisome lesions by learning intricate patterns and characteris-
tics from big datasets® The capacity of deep learning to analyses several visual properties, including color,
texture, and form, to find patterns indicative of benign or malignant lesions, is one of the major advantages
of deep learning in skin lesion identification. Furthermore, when deep learning models are exposed to addi-
tional data, they may perform better and better over time, which leads to constant improvements in accuracy.
Nevertheless, the use of deep learning to skin lesion detection has some restrictions, just like any other tech-
nique” The requirement for extensive and varied datasets for training is one major obstacle. The quality and
representativeness of the training data greatly influences the efficacy of deep learning models. Inadequate or
prejudiced datasets can cause predictions to be off, making it more difficult to apply the model to a variety
of patient groups® Another issue is interpretability, as deep learning models sometimes act as “black boxes,”
making it challenging for medical experts to comprehend how the algorithm determines a certain diagnosis.
The confidence and acceptance of these models in clinical practice may be hampered by their lack of open-
ness? Moreover, differences in imaging parameters like illumination, resolution, and camera quality might
have an impact on how well deep learning models function in practical situations. For these models to be used
in a variety of therapeutic settings, they must be robust to various environmental conditions.

It has shown to be quite successful to include machine learning into the prediction of skin cancer, providing
a number of advantages that lead to faster and more precise diagnosis. The capacity of machine learning
algorithms to examine enormous volumes of data, such as clinical photos, genetic data, and patient histories, in
order to spot minute patterns and indicators linked to skin cancer, is one of its main benefits ' This data-driven
method improves forecast accuracy and helps medical practitioners make well-informed choices. Machine
learning models are quite good at extracting features and identifying patterns from complicated datasets, like
dermatological pictures. This is especially true for models built on deep learning architectures. This capacity
makes it possible to identify early indicators of skin cancer that may go undetected to the naked eye. In
order to effectively manage skin cancer, early identification is essential since it allows for timely intervention
and treatment, which can greatly improve patient outcomes!' Furthermore, machine learning models may
be taught to learn and adapt on-the-fly, enhancing their prediction capabilities over time. This flexibility is
especially useful when it comes to skin cancer, since fresh information and discoveries can be quickly added
to the models to keep them abreast of the most recent developments in the area. Even though it’s clear that
machine learning is useful in predicting skin cancer, it’s crucial to recognize that there are still issues to be
resolved, including interpretability issues, data quality issues, and ethical issues. The benefits of using machine
learning to forecast skin cancer are anticipated to increase when these problems are resolved, providing patients
with better overall results and enhanced diagnostic capabilities.

A mathematical framework known as neutrosophic logic expands fuzzy and classical logic to deal with am-
biguous, imprecise, and incomplete data. Although it has been used in a variety of fields, including as image
processing and decision-making, its potential for use in the diagnosis of skin cancer is intriguing and should be
investigated. Neuroscientific reasoning can be applied in the context of skin cancer prediction to address un-
certainty related to diagnostic and medical data. The diagnosis of skin cancer is typically based on subjective
evaluations, and different medical imaging may have different quality levels, making a precise categorization
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difficult. Neutrosophic logic offers a more thorough and sophisticated framework for expressing uncertainty
by allowing the representation of truth, indeterminacy, and falsehood. The interpretation of dermatological
pictures is one possible use for neutrosophic logic in predicting skin cancer. Neutrophic sets are a useful tool
for expressing the degree of integrity, uncertainty, and untruth related to the features taken from the pictures.
Reflecting on the ambiguity involved in the interpretation of complicated visual patterns in skin lesions can
improve the diagnosis process. Neutrosophic logic may also be included in machine learning algorithms that
are used to forecast skin cancer. This makes it possible for the models to specifically address uncertainty
throughout the learning process, leading to systems that are more resilient and flexible. These algorithms’
decision-making processes may be enhanced using neutrophilic sets, offering a more versatile and sophisti-
cated method of classifying skin cancers. Careful consideration should be given to developing efficient algo-
rithms that can handle neutrosophic information and guarantee compatibility with current medical practices in
order to address the challenges associated with the application of neutrosophic logic in skin cancer prediction
as reported in the literature.

2 Related Work

Singh, Abolghasemi, and Anisi'? offers the paper which proposes an improved deep learning algorithm to be
used in conjunction with fuzzy logic-based picture segmentation for the diagnosis of skin cancer. This pa-
per’s use of pre-processing techniques, mathematical logic, average variance methodologies, and proposed
L-R fuzzy de-fuzzification approach to improve segmentation outcomes is its standout feature. These pre-
processing procedures are designed to eliminate artifacts like hair follicles and dermoscopic scales, among
other things, in order to increase the visibility of lesions. The picture is then improved using the histogram
equalization approach, and before the detection phase is carried out, it is segmented using the suggested
method. The You Look Only Once neural network training technique is used in the upgraded model. This
method was created by employing digital combined dermoscopic lesion images to identify melanoma lesions
using DCNN. The YOLO method is made up of many DCNN layers to which researchers have added residual
connections and a convolutional layer for additional depth. Additionally, researchers have combined multi-
scale features at distinct levels by using feature concatenation. The results of the findings verify that YOLO
outperforms the majority of the previous classifiers in relations of speed and accuracy score. The ISIC 2017
and the ISIC 2018 data sets’ 2000 and 8695 dermoscopic pictures are used to train the classifier, while the PH2
datasets and the two previously stated datasets are utilized to test the suggested method.

Jaradat et al’? describes the study that found and assessed the best model for mpox detection using deep
learning methods and classification models. To do this, this study examined the mpox identification accuracy
scores of five widely used cellular deep learning models. The models’ performance was evaluated through the
use of metrics, specifically the accuracy, recall, precision, and F1-score. The results of our tests demonstrate
that the model achieved an accuracy level of 98.16%, with a recall of 0.96, precision of 0.99, and an F1-score
of 0.98, the MobileNetV2 model outperformed the others in terms of classification. Furthermore, employing
the MobileNetV2 model produced the best accuracy of 0.94% when the model was validated using various
datasets. The findings obtained in this paper show that for mpox picture classification, the MobileNetV?2
approach performs better than earlier models that have been documented in the literature. These findings are
encouraging since they demonstrate the potential application of machine learning methods for mpox early
identification. this system demonstrated a high degree of accuracy in categorizing mpox, suggesting that it
might be a useful tool for prompt and precise diagnosis in medical contexts.

A. Ogudo, Surendran, and Ibrahim Khalaf!* offers an automated method for detecting and classifying skin
lesions that combines a back propagation neural network using a feature extractor for an optimized stack
sparse auto-encoder. This method is known as the OSSAE-BPNN methodology. A multilevel segmented
approach is included in the suggested technique to identify the afflicted lesion location. Furthermore, for
the identification of skin lesions, the BPNN-based classifier and the OSSAE-based feature extraction tool are
utilized. Furthermore, the seagull optimization technique is used to tune the parameters of the SSAE model. In
order to demonstrate the improved results of the (OSSAE-BPNN) approach, an extensive experimental study
is conducted on the benchmark data. This papers result showed that, in terms of many assessment measures,
the OSSAE-BPNN technique performed better than other existing strategies.

Gouda et al> explains how to use the ISIC2018 dataset and a convolution neural network, which is a method

of deep learning, to identify benign and malignant tumors. 3533 lesions of the skin total, comprising no
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melanocytic, melanocytic, and malignant tumors, are included in the collection of data used in this investi-
gation. Originally, the photos were enhanced and altered using ESRGAN. Preprocessing included resizing,
normalizing, and enhancing the pictures. A CNN method may be used to categories images of skin lesions
based on the final result attained after multiple iterations. Many learning transfer models were then used for
fine-tuning, including Resnet50, InceptionV3, and Inception Resnet. What distinguishes and adds value to this
study is the additional preprocessing step of using ESRGAN in addition to testing with other models. Results
from the developed model were in line with those from the pre-trained models. Simulations conducted with
the ISIC (2018) lesions of the skin dataset demonstrated the effectiveness of the proposed approach. While the
accuracy rates of the Resnet50, InceptionV3, as well as Inception Resnet models, were 83.7%, 85.8%, & 84%,
respectively, the CNN’s accuracy rate was 83.2%.

Afza et al''® Proposes a innovative approach for multiclass skin tumor categorization utilizing a machine
learning system and the best deep neural network feature fusion. This paper consists of five main steps:
acquiring the image and enhancing its contrast; extracting deep learning features through transfer learning;
selecting the best features through hybrid whale optimization plus entropy-mutual data method; fusing the
chosen features through an improved canonical correlation-based method; as well as lastly, classifying the
results using extreme learning machine based categorization. In this paper the two publicly accessible datasets,
HAM10000 and ISIC2018, are used in the experiment. In this study both datasets, an accuracy of 93.40 &
94.36 percent was attained. The accuracy of this approach is higher than that of SOTA approaches. Moreover,
the suggested approach exhibits computational efficiency.

Nigar et al'Y provides a deep learning method utilizing Explainable Artificial Intelligence (XAI), which
represents a major leap in the categorization of skin lesions. The difficulty of delayed detection owing to the
high degree of resemblance across skin lesion categories in the initial phases of skin cancer is addressed in a
well-articulated problem statement. While the report acknowledges the value of deep learning algorithms, it
also acknowledges the inherent problem of mistrusting black box models, especially in medical settings where
interpretability is critical. By offering justifications for model judgments, the suggested XAlI-based skin lesion
categorization method seeks to close this disparity and make dermatologists’ interpretation and validation
easier. With excellent accuracy, precision, recall, and F1 score for recognizing eight different kinds of skin
lesions; the validation using the ISIC 2019 dataset shows encouraging findings. This guarantees the model’s
usability in actual clinical practice while also improving its accuracy. Overall, by fusing the interpretability
of XAI with the capability of deep learning, this research greatly advances the field of skin cancer detection,
meeting a crucial requirement for openness and confidence in medical Al applications.

Hatem!® suggests using MATLAB to create an algorithm that can recognize skin lesions and categories them
as benign or normal. Using the K-nearest neighbor (KNN) method, the classification procedure differentiates
between benign skin lesions and those that are malignant, indicating disease. KNN is used because it is
time efficient and promises highly accurate results. When classifying skin lesions, the system’s classification
accuracy reached 98%. Uncertain quantifying is crucial to optimization processes and influences the decision-
making process in a big way. In image processing, computer vision, including medical image analysis, in
particular, UQ is essential for ensemble machine learning methods and Bayesian approximations. To improve
models, some research focuses on this particular idea. One example is a binary residual feature fusion model
that uses Monte Carlo dropout and is used to classify medical images.

The presented literature encompasses diverse approaches to medical image analysis, particularly in the domain
of lesion detection and segmentation. By combining fuzzy logic-based segmentation with an upgraded deep
learning algorithm, the study suggests a better skin cancer prediction model. The model exhibits superior speed
and accuracy with the use of L-R fuzzy de-fuzzification, YOLO deep neural network, and pre-processing tech-
niques. It is successful in recognizing melanoma lesions using digital and dermoscopic pictures from the ISIC
and PH2 datasets. Another approach combines deep learning algorithms with fuzzy logic-based segmentation
for skin cancer diagnosis, utilizing pre-processing techniques, mathematical logic, and the YOLO deep neural
network for improved results. A separate study focuses on the classification of mpox using various deep learn-
ing models, with MobileNetV2 demonstrating superior performance. Additionally, an automated method for
skin lesion detection integrates a back propagation neural network with an optimized stacked sparse autoen-
coder, showcasing improved results compared to existing strategies. A convolutional neural network is utilized
in another work for the detection of benign and malignant tumors in skin lesions, incorporating ESRGAN for
image enhancement and achieving competitive accuracy rates. Finally, a novel approach for multiclass skin
tumor categorization combines machine learning and deep neural network feature fusion, showcasing high
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accuracy and computational efficiency. These diverse methodologies contribute to the ongoing efforts in de-
veloping precise and efficient medical image analysis techniques.

3 Problem Statement

The existing literature presents various innovative approaches to medical image analysis for skin cancer de-
tection and classification. However, with the advancements, a thorough and improved prediction model that
overcomes the shortcomings of existing techniques is still required. The literature identifies difficulties in
managing ambiguity, optimizing classification results, and obtaining high accuracy in lesion segmentation.
This work suggests a Neutrosophic Fuzzy Logic-based Support Vector Machine technique for improved skin
cancer prediction to overcome these problems. The goal is to create a strong model that can manage ambiguity
in medical pictures, increase the accuracy of lesion segmentation, and improve overall prediction performance
for skin cancer detection by using the benefits of fuzzy logic, SVM, and Neutrosophic sets. In the context
of skin cancer diagnosis, our research aims to improve upon the strengths of current approaches and develop
precise and effective medical image analysis

4 Proposed Neutrosophic Fuzzy Logic based SVM for Skin Cancer Diagnosis

The proposed methodology employs a comprehensive approach for skin cancer prediction using dermoscopic
images as shown in Fig|l} The dataset comprises 33,126 dermoscopic training pictures with distinct benign
and malignant skin lesions from over 2,000 individuals, sourced from reputable institutions. The preprocess-
ing technique involves applying the Frost filter for signal de-noising, enhancing image quality for diagnostic
utility. Contrast enhancement through histogram equalization is employed to extract valuable features. Neu-
trosophic logic and a fuzzy-based C-means clustering algorithm are utilized for segmentation, distinguishing
afflicted skin areas from healthy skin. The neutrosophic set introduces a nuanced approach to handling un-
certainty in segmentation, enhancing accuracy. The methodology incorporates a HOG-SVM-based feature
extraction and classification process, where Histograms of Oriented Gradients (HOG) capture gradient in-
formation for SVM-based classification. The overall approach demonstrates a systematic integration of pre-
processing, segmentation, and classification techniques, leveraging advanced image processing and machine
learning methods for accurate skin cancer prediction. The Frost filter, histogram equalization, neutrosophic
logic, and HOG-SVM collectively contribute to a robust and effective framework for dermatological image
analysis. The methodology is substantiated by results and discussions, showcasing its potential in advancing
skin cancer diagnosis.

Segmentation
Preprocessing using Neutrosophic .
. R Feature Extraction
Image Dataset Using Histogram »  Fuzzy based C R 8
Lo . Using HOG
Equalization means Clustering
Algorithm
A
HOG Features are
Performance . .
Evaluation Classified Using
SVM

Figure 1: Proposed Framework for Skin Cancer Prediction.

4.1 Data collection
The collection consists of 33,126 dermoscopic training images of unique benign and malignant skin lesions
from over 2,000 individuals. All of these individuals are associated with each image through a unique patient
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ID. While expert opinion, longitudinal follow-up, or histology has been used to confirm benign diagnoses,
histology has been utilized to confirm all malignant diagnoses. The International Skin Imaging Collaboration
(ISIC) created the dataset with images from the following source institutions: Hospital Clinic de Barcelona,
Medical University of Vienna, Memorial Sloan Kettering Cancer Centre, Melanoma Institute Australia, Uni-
versity of Queensland, and University of Athens Medical School 2

4.2 Preprocessing using Frost Filter

The study suggests a unique preprocessing technique that applies the Frost filter, a flexible adaptive filter well-
known for its efficacy in signal de-noising, to improve the image quality of DERMOSCOPIC pictures. By
calculating local statistics inside a noisy signal and using this knowledge to effectively filter out unwanted
noise components, the Frost filters works on this basic idea. A methodical methodology is used to apply the
Frost filter in the framework of DERMOSCOPIC picture enhancement 2! First, the noisy image’s statistics—
that is, its mean and variance—are calculated. The noise power spectrum is then calculated, which is an
important parameter for filter design. Next, using the predicted noise power spectrum and the local data, filter
coefficients are calculated for every pixel. The noisy DERMOSCOPIC image is then subjected to the meticu-
lously constructed Frost filter, producing an output that is refined and de-noised.?? In medical applications, this
preprocessing procedure has the probable to greatly improve the DERMOSCOPIC pictures’ overall superiority
and diagnostic utility. Equation of the frost filter is given in Eq. (T,

Fy = Y Kae ™l (1)
nxn
4 o?
= (=) (7) @
Where, [t| = |X — Xo| + |Y — Yp|. K Denotes normalized constant, I denotes local mean, o denotes local

variance, variation of image co-efficient is defined as ¢ where, moving kernel size is represented as n.

4.2.1 Contrast Enhancement Using Histogram Equalization

In the field of medical imaging, contrast enhancement is a crucial step in raising an image’s local contrast. The
contrast stretching technique is often used in medical image processing to accurately detect skin lesions; in
this stage, however, it is being used to extract additional valuable features 2

P
elp] =Y hlz], p=0,1,...,255 (3)
n=0

The provided Equation (3) represents the calculation of the consecutively entirety of a histogram (¢ [p]) based
on the gray levels (p). The running sum is computed using the cumulative sum of the histogram values up to a
specific gray level (p). where h represents the floating point value.

4.3 Neutrosophic Logic and Fuzzy based C- means Clustering Algorithm for Segmentation

The process of dividing the afflicted skin area from the healthy skin is known as segmentation. Use labeled
data to train the neutrosophic set-based segmentation model, where the neutrosophic sets stand-in for ground
truth annotations?¥ To improve segmentation accuracy, adjust the neutrosophic set functions’ settings.
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4.3.1 Neutrosophic image

NS is referred as the image set : let X = {X7, Xo,.....X,,} as a set of alternatives in neutrosophic set. The
alternative X; is {T(X;), I(X;),F (X;) )}/ X; , where T(X;), I(X;) and F(X;) are the values corresponding to
the true, false, and indefinite membership sets. Neutronosophic images, designated as M; in NS, are image
Ims that are interpreted using Ts, Is, and Fs. The interpretation of a given I g pixel P(a, b) is Pyg(a, b) =
{Ts(a,b), Is(a,b), Fs(a,b)}. The memberships that belong to the background, indeterminate set, and foreground
are represented by Ts(a,b), Is(a,b), and Fs(a,b), respectively. The true and indeterminacy memberships are
utilised to characterise the indeterminacy within the local neighbourhood as follows, based on the intensity
value and local geographical information:

Ts (a, b) _ g (a7 b) — 9min (4)
9maz — Gmin
Gd — Gdpmin
I, (a,b) = (b — “omin (5)

deaw - dezn

In Eqn (@) and () the intensity and gradient magnitude at the pixel of (a,b) on the image are represented by
g(a,b) and Gd(a,b).

Additionally, research employ the global intensity distribution to compute the neutrosophic membership val-
ues, taking into account the indeterminacy of intensity across various groups. Neutrophic c-means clustering
(NCM) solves the issues that other algorithms have with managing undetermined points. Here, research em-
ploy NCM to determine the unpredictability values on intensity to be segmented amongst various groups. The
reality and indeterminacy memberships are specified using NCM as mentioned in Eqn (6):

-1

1 < : 1 S
K=|— am_zniﬁ""*am_zz’mam B e (6)
p1 ;( ) 52( ) Bs
K __2_
Tomn = o (am — 2n) * " (N
B
K __2_
Ibm = 7(am - Eimam) u=l (8)
B2

where Z;,,q. 18 determined using the indices of the highest and second largest value of Tij.

4.3.2 Indeterminacy Filtering

In order to eliminate the impact of indeterminacy information for segmentation, a new filter is defined based
on the indeterminacy, and the kernel function is defined using a Gaussian function as follows:

. 1 2+ 52
D1 (i) = 57 zesp(—53-) ©
g1 (a7 b) = f (I (CL, b)) =uxl (CL, b) + Yy (10)

where is defined as a function f(-) connected to the indeterminacy degree, and o is the standard deviation
value. A high degree of indeterminacy results in a big o7, which can be filtered to smooth out the present local
neighbourhood. A low indeterminacy level results in a small o and less seamless filtering of the local neigh-
bourhood. The Gaussian function should be used because it can more smoothly translate the undetermined
degree to a filter weight.

T,(a,b) is filtered indeterminately, which makes it more homogeneous.

b+m/2 a+m/2

T (a,b) =Ts(a,b) P GCL (i,5) = > Y Tsla—i,b—j5)(,j) an

j=b—m/2i=a—m/2
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. i 4 52
DIS (Za]) = Wexp(f 20_%8 ) (12)
OIs (aab) = f(IS (avb)) = ‘TIS (a7b) +y (13)

In Eqn (TI) - (I3) 7"is the outcome of the indeterminate filtering. The linear function that converts the
indeterminacy level to a parameter variable has two parameters: x and y.

After NCM, the filtering is likewise applied to T}, (a,b). After indeterminacy filtering, the local spatial
neutrosophic value serves as the NCM’s input.

b+m/2  a+m/2

Tn uy (a,b) = T (a,0) @ Dra (i,5) = > Y. Tnuwla—isb—j)Dra(inj)  (14)

j=b—m/2i=a—m/2

1 i+ 42
Dy, (i,5) = me?{p(_ 207, ) 15)
o (a,b) = f (In(a,b)) = zIn(a,b) + w (16)

where m is the filter kernel size and T'n/,,,, is the indeterminate filtering result on T,. The image is segmented
using a maximum-flow technique, and a graph is constructed using7'n’,,,,.

4.3.3 Neutrosophic Graph Cut

A graph D = (D,E) is divided into two subsets, K and L, by a cut C = (K,L). The set {(i, j) € Eju € K, ¥ € T}
of edges with one endpoint in S and the other endpoint in T is the cut set of a cut C = (K,L). By defining in
terms of energy reduction, which is converted into the maximum flow problem in a graph or a minimal cut of
the graph, graph cuts can effectively address picture segmentation difficulties.

Typically, the energy function consists of two parts: smooth constrict F;,,; — FEsmoth and data constrict
E4 — FEdata.

E(f) = Eat (f) + Esmi(f) A7)

In Eqn f denotes map that divides pixels into various categories. While E,,; assesses the degree to which
f is piecewise smooth and may be shown as an n-link in a graph, F/4; examines the discrepancy between f and
the designated region, which can be represented as a t-link. The energy function is implemented differently in
different models. The Potts model-based function is described as follows

4.3.4 Neutrosophic set

A novel area of philosophy known as the neutrosophic set (NS) was proposed, addressing, character, in addition
to their relationships with a wide range of other ideational spectrums. A neutrosophic set item, E, is examined
in relation to its opponent, *Anti-E,” and its neutrality, ’Neut-E,” which is neither ’E’ nor ’Anti-E.” Additionally,
the extent to which "E’ is true, ambiguous, or false is measured using three memberships. An excellent tool
for dealing with uncertainty is the neural network (NS), which has produced practical applications in many
different fields, including database management systems (DBMS), language online services, economic dataset
identification, and new economic development and decline analysis.?

A nNqys s termed as a neutrosophic set if m: { (:c; [am (z), ﬁm (x) YA D :weX},

Where o ;~— () : X~ 0", 17 [is termed as the truth function, Biy (@) :X—[0, 17 is called the

A
hesitant function, and~y 7~ (x): X—[07, 1] is called the falsity function. Additionally,cx o (), i (x)
and ~ i (x) satisfy the following the relation:
- +
0 Ssup{am (a:)}+sup{am (a:)}Jrsup{am (m)}§3 (18)
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The relationship between truth, reluctance, and falsity degrees is balanced, limiting extreme values and en-
couraging a more nuanced portrayal. With the existing cluster centres C in mind, update the neutrosophic

membership values U.
1

Tij = ——F—— (19)
1 + d(ﬁt/{ CJ)
lij = —————7 (20)
¢ Mo
. 1
Fij = ——r—~ (21
1+ === 1'/\7 -

where )\ is a parameter that regulates how much distance affects membership values. First, random initial-
izations are made for the fuzziness parameter and the cluster centers. Next, until convergence, the centroids
and membership degrees are modified frequently. To generate the segmentation result, each pixel is allocated
to the cluster having its highest degree of membership. Initialization of a degree of membership metrics is
followed by the determination of the cluster centroids and the updating of the degrees of membership metrics
for each data point based on the separation between each cluster centroid with the data point. After the degree
of membership numbers are updated, the cluster centres are calculated again using the average weighted of
the data points. Keep going until you reach convergence. Once the process has converged, each data point is
finally assigned to the cluster with the largest degree of membership value.

Let’s assume that there are n finite datasets and that X = (x1, x2,....,xn). The FCM technique is used to
partition the dataset X into cluster groups. The FCM algorithm formula may be found in Equation (22)).

Js = ZZqu [ Xp — Cq”2 (22)

p=1g=1

Where c,is the ¢*" cluster centre, s indicates the fuzzy variable, and || || is the distance measured using Euclid.
Additionally, u,,, is the amount of membership value of &, in the q""clusters.
1
Upg = ————————3 (23)
ZC dpq s—1
k=1 (d; . )
n s
Zq:l Upq

(24)

Ci = —=f7——
J n s vp
Zq:l Upq

Where, d,,, specifies the distance between the data point k, and ¢*" cluster center and dj 4 1s the distance

th

among k" cluster center and ¢*" cluster centers.

4.4 HOG-SVM Based Feature Extraction and Classification

The HOG-SVM based feature extraction and classification method involve first extracting HOG features from
the image, capturing its gradient information in a histogram representation. These features are then utilized
as input for training an SVM classifier, which learns to discriminate between different classes based on the
extracted features. In the classification phase, the trained SVM is employed to predict the class labels of new
data points by evaluating their HOG features .2

A type of descriptor that finds object characteristics using computer vision & image processing technologies is
the Histogram of Oriented Gradient feature. By computing a statistical histogram of the direction gradient in a
particular region of the picture, features may be retrieved. In the realm of picture identification, the integration
of the SVM classifier with Hog feature extraction has been widely used. A set of procedures is involved in
the feature extraction process employing Histogram of Oriented Gradients (HOG) in order to identify and
represent the salient aspects of a picture, especially when it comes to object recognition. Defining a detection
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window is the initial phase, in which the picture is methodically split into many windows, blocks, and cells.
Then, several cells are generated inside each block that is further separated into windows. These cells are the
building blocks of feature extraction and stay still throughout the procedure 2’

The next stage after window, block, & cell division is picture normalization. Gamma and color room normal-
ization are used in this normalization process to minimize the effects of changing illumination and prevent
disproportionate contributions from certain image regions. The intended outcome determines how the gamma
value should be changed. The standard formula for gamma compression:

I(a,b) = I(a,b)” (25)

v accepts values according to the result. The calculation of gradients is what comes next. The gradient
orientation is obtained from these estimated values, which are obtained by computing the gradients in both the
horizontal and vertical orientations. Comprehending the directionality of the pixel intensity variations in the
picture requires completing this step. The following is the formula:

Ga(a,b) = H(a+1,b) — H(a — 1,b) (26)
Gb(a,b) = H(a,b+1) — H(a,b—1) 27
The two formulae, Ga(a, b) and Gb(a, b), respectively, represent the pixel value at a particular pixel location

in the gathered image as well as the aclinic and perpendicular gradients. At pixel (a, b), the gradient direction
and gradient value are as follows:

G(a,b) = \/Ga(a, b)2 + Gb(a,b)Qa(a, b) =tan~! (M) (28)

In order to create gradient column diagrams, the perspective of data is separated into bins, typically consisting
of nine bins. An image’s orientation information is discretized and represented by each bin, which relates to
a range of gradient orientations. The cell-normalized gradient histogram is then computed for every block
after that. In order to lessen the effects of foreground-background contrast and local light fluctuations on the
gradient intensity, this normalization is crucial. Lastly, all of the normalized gradient histograms from every
block are combined to create the HOG feature vectors. The unique spatial and orientation properties of the
picture are well captured by this feature vector, which strengthens its representation for further tasks like object
recognition.

The HOG feature extraction method methodically extracts and measures pertinent information from various
parts of the picture, which make it useful for tasks like object detection and categorization as shown in Fig
In machine learning, the supervised learning model of the support vector machine and the associated learning
method are commonly employed. It may be applied to regression analysis and data categorization. Each
sample is labeled as one of two varieties when given a set of training specimens. The SVM drill method then
builds an unpredictability binary linear classifier, sets up a model, and assigns the fresh specimens to a certain
variety. The SVM training model splits the specimens with a clear and broad gap, representing all specimens
as mappings of points in space. After that, the fresh specimens are categorized and mapped in the same room.
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Figure 2: Proposed HOG-SVM Architecture for Skin Cancer Prediction.

Algorithm 1: HOG-SVM

Input: Dermoscopic images from ISIC 2020 dataset

Output: classifying skin lesions

Load input image data

X={X1,X2,X3,. .. X, } // data acquisition

Pre-processing of images

Noise removal of Dermoscopic images //frost filter

Contrast Enhancement //Histogram Equalization

Segmentation of Preprocessed images //Neutrosophic and Fuzzy clustering

Initialize the no. of clusters and the membership values

Calculate the centroids of the cluster

Update the membership values

if (membership value is non-negative)

Updates iteratively until convergence is met

else

Convergence is not met

end if

Maximum number of iterations is reached

Feature extraction /HOG

Classification //SVM
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5 Results and Discussion

A number of performance indicators are used in the results and discussion section to assess how well the sug-
gested Neutrosophic Fuzzy Logic-based SVM technique for Enhanced Skin Cancer Prediction works. The
four main metrics—accuracy, precision, recall, and F1-score—each offer a different perspective on the predic-
tive power of the model. Recall analyses the model’s capacity to accurately identify positive cases, accuracy
gauges the overall correctness of predictions, precision gauges the accuracy of optimistic forecasts, and the
F1-score balances accuracy and recall. Together, these measures provide a thorough evaluation of the model’s
diagnostic precision and efficacy in differentiating between benign and malignant skin lesions. The suggested
methodology is deemed better and its possible consequences in dermatological image analysis and skin cancer
prediction are thoroughly analyzed. The discussion places these metrics in the context of current methodolo-
gies and interprets them accordingly.

5.1 Dataset

Training Dataset  For training purposes, the dataset is meticulously structured to facilitate the development
and optimization of algorithms as shown in Fig[3] The dermoscopic images are paired with ground truth
annotations, confirming the diagnoses through histology for malignant cases and utilizing expert opinion,
longitudinal follow-up, or histology for benign cases. This annotated training set forms the basis for teaching
the model to recognize and distinguish between different skin lesions accurately.

Figure 3: Example of Images Taken for Training from ISIC 2020 Databases to Classify Malignant vs. Benign
Tumors.

Testing Dataset The testing set is designed to estimate the method’s generalization and predictive capabil-
ities on unseen data as shown in Fig[d It comprises a separate subset of dermoscopic images, distinct from
the training set, ensuring that the model’s performance is assessed on novel and previously unseen cases. The
testing set is also accompanied by ground truth annotations to objectively measure the model’s accuracy, sensi-
tivity, and specificity in identifying benign and malignant skin lesions. The meticulous curation of the training
and testing sets within the ISIC 2020 dataset underscores the reliability and validity of the model’s predictions,
contributing to the robustness of the proposed Neutrosophic Fuzzy Logic-based SVM approach for enhanced
skin cancer prediction.
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Figure 4: Example of Images Taken for Testing from ISIC 2020 Databases for Classification of Benign vs.
Malignant Tumors.

5.2 Performance Evaluation

Accuracy

Accuracy is used to evaluate the proposed system’s efficacy across all categories. It is the idea that each
observation would be accurately anticipated in general. The precision is expressed in equation (29).

TPos +TNeg
TPos + TNeg + FPos + FNeg

Accuracy = (29)

Precision

The precise positive evaluations that deviate from the overall positive evaluation are counted to determine
precision. Equation (30) can be used to determine the precise diagnosis of pneumonia,

TP 0s

_ 30
TPos + FPos ( )

Recall

The ratio of all positive samples to real positives that were accurately classified as positives is known as recall.
The percentage of correctly predicted cases of pneumonia identified by equation (31)) is given.

TPos

R=_——Ffo
TPos"‘FNeg

(€1Y

F1-Score

Recall and accuracy are used to calculate the F1-Score. Equation (32) represents the F1-Score, which is
calculated using precision and recall.

Fl_score:2><pre.ci.sz'0n><recall (32)
precision+recall
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Table 1: Comparison of Proposed HOG-SVM with Existing Methods.

Methods Accuracy (%) Precision (%) Recall (%) F1-score (%)
LR, KNN, | 93.0 92.34 92.65 93.2

GNBZ

CNNZ 92 91.90 89.65 90.3

Deep Belief | 86.06 93.87 92.10 90.67
Network2)

Proposed 98.69 96.65 94.34 95.67
HOG-SVM

A comparison of skin cancer prediction techniques is shown in Table [T} which also includes performance
indicators such as accuracy, precision, recall, and F1-score. According to Bechelli and Delhommelle’s 2022
report, three methods—LR (Logistic Regression), KNN (K-Nearest Neighbours), and GNB (Gaussian Naive
Bayes)—achieved an accuracy of 93.0%, with values for precision, recall, and F1-score ranging from 92.34%
to 93.2%. An accuracy of 92% was shown using a Convolutional Neural Network, with values for precision,
recall, and F1-score ranging from 91.90% to 90.3%. A Deep Belief Network was used in another technique
that Tahir et al. (2023) reported that produced an accuracy of 86.06%, with precision, recall, and F1-score
ranging from 93.87% to 90.67%. The suggested HOG-SVM technique, on the other hand, fared better than
these methods, achieving a much higher accuracy of 98.69% in addition to improved precision, recall, and
F1-score values, highlighting its usefulness in the prediction of skin cancer.

Performance Comparison

100

98

96

94

N - -

N | M |
o | 11 |
o Il 11 I
o 11 11 |
%0 | 11 |
-5 [ | 11 |

Accuracy (%) Precision (%) Recall (%) F1-score (%)

ELR, KNN,GNB ®CNN ®=Deep Belief Network mProposed HOG-SVM

Figure 5: Comparison of Performance with Existing Methods.

Figure [5] visually represents these metrics, providing a comprehensive overview of the comparative perfor-
mance of the various methods, with the proposed HOG-SVM method standing out as a highly accurate and
precise approach for skin cancer prediction.

Table 2: Comparing the Performance of Existing Dataset with ISIC 2020 dataset.

Datasets Accuracy (%) Sensitivity (%) Specificity (%)
ISIC 201712 97.65 96.5 96.3

ISIC 201942 94.7 96.4 94.3

ISIC 2020 (Pro- | 98.69 97.45 97.56

posed)

According to Singh, Abolghasemi, and Anisi’s 2023 study, Table 2] displays metrics for accuracy, sensitivity,
and specificity for three distinct datasets. The ISIC 2020 database performs better than the others in terms
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of accuracy, with a whopping 98.69%, as opposed to 97.65% for ISIC 2017 and 94.7% for ISIC 2019. The
capacity of the model to accurately detect affirmative cases is measured by sensitivity, which is highest for
ISIC 2020 at 97.45%, closely followed by ISIC 2017 at 96.5% and ISIC 2019 at 96.4%. ISIC 2020 likewise
has the greatest specificity (97.56%), which measures the model’s accuracy in recognizing negative situations.
ISIC 2017 (96.3%) and ISIC 2019 (94.3%) are the next best. The outcomes point to a significant improvement
in the accuracy and specificity of the planned ISIC 2020 dataset, suggesting that it has the potential to be a
reliable dataset for dermatological image analysis.

Comparison of Datasets

100
99
98
97

96
95
94
93 I
92

Accuracy Sensitivity Specificity

Percentage (%)

mISIC 2017 (Singh, Abolghasemi, and Anisi 2023)
m [SIC 2019 (Singh, Abolghasemi, and Anisi 2023)
ISIC 2020 (Proposed)

Figure 6: Comparison of Datasets.

The merits and disadvantages of these datasets for dermatological image classification tasks may become
clearer with more investigation and comparisons across measures. It is depicted in Figure[6]

Train-Test Accuracy
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Figure 7: Train-Test Accuracy.

Figure [7] represents the training and testing accurateness. High train accuracy suggests that the model has
successfully learned the features and patterns in the training data, while comparable high test accuracy signifies
that the model can generalize well to new instances. Discrepancies between train and test accuracy can indicate
potential issues such as overfitting, where the model memorizes the training data but fails to generalize, or
underfitting, where the model inadequately captures the underlying patterns.

Figure8]symbolizes the loss in testing and training. The difference or mistake between the model’s predictions
with the actual results on the training dataset is measured by the training loss. Its main goal is to minimize the
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Figure 8: Training and Testing Loss.

discrepancy between expected and actual results by directing the model’s parameter modifications throughout
the training phase.

5.3 Discussion

The results obtained from the proposed HOG-SVM approach for skin cancer prediction demonstrate its re-
markable effectiveness and superiority compared to existing methods. In Table [T} the HOG-SVM method ex-
hibits an outstanding accuracy of 98.69%, outperforming LR, KNN, and GNB methods reported by Bechelli
and Delhommelle in 2022, as well as CNN and Deep Belief Network methods presented by Tahir et al. in
2023. Further underscore the superiority of the proposed method, with values exceeding those of the compara-
tive techniques. Additionally, when comparing datasets in Table[2] the ISIC 2020 dataset, used in the proposed
method, outshines the ISIC 2017 and ISIC 2019 datasets in terms of accuracy, sensitivity, and specificity. Fig-
ures [} [6] [7} and [§] provide visual representations of these comparative metrics, emphasizing the consistent
and robust performance of the proposed HOG-SVM method. The higher accuracy and specificity, along with
the visual representation of training and testing accuracy and loss, collectively validate the effectiveness of
the proposed approach, showcasing its potential as a reliable tool for dermatological image analysis and skin
cancer prediction.

6 Conclusion and Future Work

In conclusion, the Neutrosophic Fuzzy Logic-based SVM approach proposed in this study has demonstrated
exceptional efficacy in enhancing skin cancer prediction. The comprehensive methodology, combining the
power of neutrosophic sets, fuzzy logic, and support vector machines, has yielded superior results compared to
existing methods, as evidenced by the significantly higher metrics. The utilization of the HOG-SVM architec-
ture further strengthened the predictive capabilities of the model. The comparative analysis against LR, KNN,
GNB, CNN, and Deep Belief Network methods, as well as the evaluation using different datasets, particularly
the ISIC 2020 dataset, consistently highlighted the superior performance of the proposed approach. The vi-
sual representations of metrics and loss in Figures 5] [6} [7} and [§] provide a clear and compelling overview of
the method’s robustness and reliability. Future research avenues in this domain could explore the scalability
and adaptability of the proposed Neutrosophic Fuzzy Logic-based SVM approach to larger and more diverse
datasets. Investigating the model’s performance with real-world clinical data and conducting prospective clin-
ical trials would further validate its applicability in practical healthcare settings. Additionally, refinement and
optimization of the model architecture, possibly incorporating deep learning techniques or ensemble methods,
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could enhance predictive accuracy. Interpretability and explainability of the model’s decisions are crucial in
medical applications; hence, integrating explainable artificial intelligence (XAI) techniques can contribute to
building trust and acceptance in clinical practice. Furthermore, collaborations with dermatologists and medi-
cal professionals can provide valuable insights for improving the model’s clinical relevance. Overall, ongoing
advancements in machine learning and medical imaging present exciting opportunities to continually enhance
the accuracy and reliability of skin cancer prediction models for better patient outcomes.
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