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ABSTRACT

Skin cancer has been recognized as one of the most lethal and complex types of cancer for over a decade. The
diagnosis of skin cancer is of paramount importance, yet the process is intricate and challenging. The analysis
and modeling of human skin pose significant difficulties due to its asymmetrical nature, the visibility of dense
hair, and the presence of various substitute characteristics. The texture of the epidermis is notably different from
that of normal skin, and these differences are often evident in cases of unhealthy skin. As a consequence, the
development of an effective method for monitoring skin cancer has seen little progress. Moreover, the task of
diagnosing skin cancer from dermoscopic images is particularly challenging. It is crucial to diagnose skin cancer
at an early stage, despite the high cost associated with the procedure, as it is an expensive process. Unfortunately,
the advancement of diagnostic techniques for skin cancer has been limited. To address this issue, there is a need
for a more accurate and efficient method for identifying and categorizing skin cancer cases. This involves the
evaluation of specific characteristics to distinguish between benign and malignant skin cancer occurrences. We
present and evaluate several techniques for segmentation, categorized into three main types: thresholding, edge-
based, and region-based. These techniques are applied to a dataset of 200 benign and melanoma lesions from the
Hospital Pedro Hispano (PH2) collection. The evaluation is based on twelve distinct metrics, which are designed
to measure various types of errors with particular clinical significance. Additionally, we assess the effectiveness of
these techniques independently for three different types of lesions: melanocytic nevi, atypical nevi, and melanomas.
The first technique is capable of classifying lesions into two categories: atypical nevi and melanoma, achieving the
highest accuracy score of 90.00% with the Otsu (3-level) method. The second technique also classifies lesions into
two categories: common nevi and melanoma, achieving a score of 90.80% with the Binarized Sauvola method.

Copyright © 2024 The Authors. Published by Tech Science Press.
@ @ This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2024.052548
https://www.techscience.com/doi/10.32604/cmc.2024.052548
mailto:msaikia@memphis.edu

4218 CMC, 2024, vol.81, no.3

KEYWORDS

Melanoma; computer-aided diagnosis; segmentation; PH2; ISIC (International Skin Imaging Collaboration);
dermoscopy; non-melanoma

1 Introduction

The most common type of cancer and a serious risk to the general public’s health is skin cancer.
Skin cancer has the highest chance of spreading to other organs out of all disorders. The dermatologist
typically performs physical examinations on patients to identify skin cancer. Clinical assessment
reliability is a little ineffective [1]. Melanoma and non-melanoma are the two main classifications used
to describe skin cancer. The most deadly of the two is melanoma, which usually begins as a superficial
wound that develops into a malignant tumor. Most cases of non-melanoma are classified into two
classes: squamous cell carcinoma (SCC) and basal cell carcinoma (BCC). The origins of SCC and
BCC are squamous cells and basal cells, respectively.

Several hues are present in pigmented skin lesions (PSLs), which are categorized as serious medical
problems brought on by a pigmented area on the skin. Because these lesions include both benign and
malignant disorders, they are important from a therapeutic standpoint [2,3].

The conventional method for identifying PSLs is a non-invasive technique known as dermoscopy.
To highlight minute details, it is composed of a liquid immersion and a magnifying lens [4]. It highlights
the need of a physical examination in healthcare settings [5]. But in an early case of skin cancer, the
imaging system might simply take into account a doctor using a standard camera. In this case, pictures
of the wound are taken and sent to an expert for assessment. The approach is believed to be efficient
as physical identification, albeit much more quickly [6].

Dermatologists are capable of identifying skin cancer prematurely nowadays because of advance-
ments in computational techniques. Establishing robust computational methods for determining skin
cancer through images is the primary objective of the emerging domain of research on automated PSL
tests. Research demonstrates that in test settings, automated devices could identify skin cancer [7].
CAD strategies have proven to be the ideal alternative for premature detection of skin cancer, which
reduces the probability that patients who underwent screening may receive a skin cancer diagnosis
without any symptoms. Machine learning (ML) has progressed extensively because of breakthroughs
in computing technology and the accessibility of vast image databases.

Deep learning (DL) is eventually substituting traditional ML frameworks in the recognition of
skin cancer, primarily owing to the development of deep neural networks (DNN). The traditional
method for automatically detecting skin cancer encompasses a number of steps, as illustrated in
Fig. 1. The steps are acquiring data, pre-processing, segmenting the data, eradicating the significant
attributes, and at last grouping the data through the withdrawn features. The final phase in the
procedure computes the trained classifier using the appropriate metrics.
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Figure 1: Typical procedure for designing and creating an automated system to detect skin cancer

Skin cancer develops by ultraviolet (UV) radiation from the sun, which is highly intense and
damaging [8,9]. It usually surfaces as an unusual or evolving spot on the skin. This spot could have
the appearance of an injured area of skin, a mole, or an unhealing blister. The unusual formation of
a new lesion or lump is a common warning sign for skin cancer. A mole that evolves in size, color,
or shape over time may also be an indication of skin cancer. Melanoma, SCC, and BCC are the three
predominant kinds of skin cancer [10]. Depending on where it originates, BCC possesses distinct looks
and is the least malignant type.

A small, smooth bulge that appears translucent or pearly will develop on the face, ears, or neck.
It is capable of bleeding by itself. On the torso, arms, or legs, it emerges as a flat patch of pink, red, or
brown color. The texture of it usually seems harsh or rough. Since it originates from cells in the stratum
basale, BCC gets its name. SCC is similar to red, firm nodules. Moreover, the growth might seem scaly,
rough, and flat. This might become crusty, bleed, or cause pain. SCC is caused by cells in the stratum
spinosum, specifically keratinocytes [1 1]. SCC is less prevalent than BCC as the cells cannot divide as
often as they do in BCC. But when it develops, it can be hazardous because it metastasizes rapidly. It
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is speculated that UV light from the sun triggers these cancers by traversing skin cells and affecting
cells in the stratum spinosum that mutates their DNA, resulting in cancer. Melanoma accounts for 1%
of all skin cancers [12]. However, it is among the most fatal forms of skin cancer [13]. It may damage
lymph nodes or various organs and spread drastically. Despite its color and shape being irregular, it
generally possesses the appearance of a brown patch. Certain melanomas originate from an ordinary
mole. Melanoma is a cancer of melanocytes that are located in the basal layer of the stratum basale of
the epidermis. Melanoma might develop spontaneously or as a consequence of pre-existing moles. It
metastasizes far more rapidly than SCC. Melanoma is generally identified following the ABCD rule.
It specifies that A represents asymmetry (i.e., the two sides of the mole are uneven), B specifies an
uneven border, C is for color (when the pigmented area has multiple hues), and D specifies diameter
(when the spot is larger than 6 mm) [14,15].

Dermoscopy was created to enhance the skin cancer diagnostic process. It is a non-invasive
visualization technique that generates a brighter, more intense illustration of a specific area of skin,
making skin markings easier to see. The removal of the reflecting skin surface improves the visibility of
deeper skin layers and gives additional details about the lesion. Dermoscopy evaluation is a usual way
of recognizing melanoma as it is more reliable than visual inspection [16]. Dermoscopic evaluation of
images by specialists typically takes a significant amount of time and may result in a range of diagnostic
results. As a result, automated identification methods are highly recommended. But for the reasons
listed below, it is not a simple task: First, it might be difficult to differentiate between non-melanomas
and melanomas owing to the similarities of benign and malignant lesions. Second, the automated
identification process is more difficult due to low contrasts and unclear borders between the lesion
and normal skin areas. Last but not least, the development of artifacts like hairs or air bubbles may
mask the lesions. The difficulties are shown in Fig. 2. The types, causes and diagnosis approaches for
skin cancer are shown in Fig. 3.

Figure 2: (Continued)
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Figure 2: The process of automatically identifying melanoma from dermoscopy images is quite
difficult. From top to bottom, the primary difficulties are: a significant level of visual resemblance
amongst lesions that are melanoma compared to ones that are not; comparatively little difference
among lesions and areas of healthy skin; and picture artifacts. Images in the left column display non-
melanomas, whereas those in the right column display melanomas
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Figure 3: Skin cancer: types, causes and diagnosis
To solve these challenges, numerous algorithms have been advocated that are significantly

categorized into thresholding, edge [1 7] and region-based approaches [ §]. For instance, the integration
of global thresholding, adaptive thresholding, and clustering thresholding is presented in [19].
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In case of a strong variability between the skin and the lesion, thresholding techniques work well;
nevertheless, they are ineffective when the modes from the two locations overlap. However, the edge-
based approach is not effective when the skin and lesion are growing together naturally and the edges
are not visible. Another issue resulting from artifacts is the emergence of artificial edge extremities
that do not belong in the lesion periphery. The over-segmentation that occurs when distinct colors are
present in lesions and skin presents a problem for the region-based method.

Early identification of skin cancer by image processing techniques may lead to additional
therapeutic identification and management. With the advancement of image processing techniques
in the field of therapeutic detection, there is a possibility of early diagnosis and prevention of skin
cancer. The skin tumor detection application works in several steps on a smartphone. The primary
steps in image processing are skin lesion segmentation, feature extraction, and lesion classification into
benign, atypical, and malignant lesions [20]. Skin cancer segmentation strategies rely on morphological
methods, thresholding, and a number of segmentation procedures. In the majority of applications, the
various attributes that are extracted with the goal of identifying skin cancer are color, form, texture,
and geometry. Support vector machines (SVMs) and kernel neighborhood network (KNN) classifiers
are also widely used for classification in a similar manner. Two of the software applications used to do
the skin cancer diagnostic process are Matlab and OpenCV.

In this paper, we present and evaluate numerous segmentation approaches from the three cate-
gories: thresholding, edge-based, and region-based. The algorithms are executed on 200 dermoscopic
images of benign and melanoma lesions from the Hospital Pedro Hispano (PH2) dataset. The
computation is based on 12 distinct metrics that account for various types of errors with unique
therapeutic significance. We evaluate the performance of these approaches independently for three
different types of lesions: melanomas, atypical nevi, and melanocytic nevi.

2 Related Works

Over the past decade, there have been numerous openly accessible datasets of skin images
operated by various groups. The commonly used databases are PH2 and International Skin Imaging
Collaboration (ISIC). Table 1 brings forth an overview of distinct datasets.

Table 1: A brief overview of distinct skin cancer databases

Articles Dataset Total number of images

[21] ISIC, PH2 1000, 200

[22 Human against machine with 10000 training 10,000
images (HAM10000)

[23,24] International symposium on biomedical imaging 900, 2000
(ISBI2016), (ISBI2017)

[25] ISIC2018 2594

[26,27] PH2 200

[28] PH2, Dermls, ISIC2016 and ISIC2017 1380

[29] PH2 and ISIC2016 200, 900

[30-33 ISIC2017, PH2 2000, 200

[34] ISBI2017, PH2 2000, 200

(Continued)
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Table 1 (continued)

Articles Dataset Total number of images
[35] ISBI2016, PH2 900, 200

[36] PH2, ISBI2016, ISIC 200, 900, 1000

[37] PH2, ISIC, ISBI2016, ISBI2017 200, 1000, 900, 2000
[38—40] ISIC2017 2000

[41] HAM10000, ISIC2019 18,730

[42] 7-Point, Med-Node and PH2 1011, 170, 200

[43] ISBI2016, ISBI2017, ISIC2018, PH2 900, 2000, 2594, 200
[44] ISBI2017, ISIC2018 2000, 2594

[45] ISBI2016, ISBI 2017 900, 2000

There are some unwanted artifacts in the pictures that cameras take, which complicate the
segmentation process. The pre-processing stage works to eliminate anomalies such as hair or bubbles
surrounding the lesion and lighting errors that occurred during the picture collecting phase. For
the algorithms to function correctly in subsequent analysis, this phase is essential for an accurate
evaluation [46]. Various pre-processing approaches such as normalization [30,32], hair removal [47,48],
median filtering [28,29,49], contrast enhancement [50,51], rotation [52—-54], shifting [55-58] and scaling
[59] have been used.

As we previously stated, the generated images may have fluctuations in light, which, if used directly
for segmentation data, would lead to blurry lesion boundaries and shading. Previous segmentation has
the effect of reducing the shading of the original image. After Cavalcanti et al. [60] proposed an analyti-
cal method for decreasing shadowing in the HSV color space, Amelard et al. [61], Cavalcanti et al. [62],
and Amelard et al. [63] used it. In a second study [64], artifacts are removed by leveling out the steep
slope in the saturation and value channels using HSV color space. The remaining studies [65-68] used
a similar approach. A multi-stage artifact enhancement method was suggested by Amelard et al. [69] to
remove reflected artifacts from images. For enhancing illumination variability in medical images, the
same researchers [70] employed the previous strategy in their follow-up work and also suggested a novel
multistage illumination modeling approach (MSIM). In another research project, the authors reduced
illuminations using the MSIM approach [71,72]. To get rid of the reflected artifacts, the researchers [73]
employed an in-painting method and a thresholding approach that was suggested by Barata et al. [74].
Ramezani et al. proposed employing a median filter with the mask size in combination with a shadow
elimination method in HSV color space to attenuate the shading [75].

Several researchers used a tool called DullRazor [76] to eliminate hair artifacts from medical pic-
tures [77]. Hair segmentation and elimination utilizing matching filter and region growth approaches
were suggested by Huang et al. [7€]. In order to compare and contrast the two, the researcher
also employed DullRazor and its recommended technique with their own dataset. Compared to its
technique, the DullRazor proved to have a higher percentage of false-hair diagnoses. Dense hair was
eliminated from the images by Ramezani et al. [75] using a morphological opening and a morphological
transformation in the bottom hat. Oliveira et al. [79] utilized an anisotropic diffusion filter to remove
hair. In another research effort, morphological closure techniques were used to interpolate hair pixels
with neighboring pixels in order to eliminate hair artifacts [65]. The researchers then found hair
intersections using linear discriminant analysis (LDA) [80]. The Gaussian filter has been extensively



4224 CMC, 2024, vol.81, no.3

employed in related studies to eliminate noise from the input pictures [81,82]. In an additional study,
guided filtering—an edge-preserving smoothing technique—was used to eliminate the artifacts [83,84].

2.1 Convolution Neural Network (CNN) Based Models

CNN-based classification models must be trained with each source image having the same size.
Mechanisms like cropping, resizing, and rescaling can be used to combine the dataset configurations
in order to accomplish this. When new and distinct instances are added to the dataset for training,
data augmentation makes machine learning models more effective. To ensure that the architecture
runs effectively, there needs to be an adequate repository that can deliver more data and has several
desirable features. Using data augmentation approaches to incorporate variations that the model
typically encounters in practice could strengthen machine learning models and increase the likelihood
of issues such as over-fitting. Additionally, the data are unbalanced because the number of instances of
various skin disorders is higher than that of melanoma. Data augmentation can be used, for example,
to balance a dataset. Several studies have employed widely used methods for augmenting data,
including scaling [86-90], flipping, rotation, and cropping [85-90]. To reduce the noise in the dataset,
researchers employed a range of methods, including guided filters, Gaussian low-pass filters, blur
filters, motion blur, noise addition, and histogram equalization [85,88,91,92]. Adjustments in color and
brightness have also been made in [70,91]. After training generative adversarial networks (GANs) on
digital images of cutaneous lesions, the researchers presented a DL approach for controlling variable
background illumination [93]. These days, researchers are using DL layouts a lot to identify skin lesions
from medical imaging. The lighting in images of skin lesions may be adjusted with the use of these deep
learning techniques. In order to correct for variable background intensity in dermatological images,
the study introduces a novel transform known as IECET [94].

2.2 Role of Segmentation Techniques in Skin Cancer Detection

Segmentation is an approach that partitions the picture into numerous segments or pixels for the
purpose of enhancing image analysis [95]. It facilitates identifying tumors from an analyzed picture
easier. However, it is essential to recall that image segmentation is a complicated procedure that may
necessitate further processing. The 2 leading approaches to segmentation are K-means clustering and
Otsu’s approach [75,96,97]. Sagar et al. [65] implied a color channel-based technique that merged an
edge detection mechanism with a modified 2D Otsu approach.

The researchers report a 93.7% accuracy rate using their suggested strategy for lesion identifi-
cation from a source image. A number of researchers used the K-means clustering approach with
K =2 for segmentation [82,83]. Another study suggested combining Otsu thresholding with K-means,
which produced accuracy and AUC values of 0.91% and 89.07%, respectively [98]. An improved K-
means variation with a 94% accuracy rate has been suggested in a different study [83]. In addition
to these methods, image segmentation in [72] was done using Chan Vese’s active contour approach
[99]. In [64,100], a novel segmentation technique combining Chan level set border detection with
rapid independent component analysis (FastICA) has been demonstrated. A novel method that
combines specific morphological analysis with Chan Vese active contour computing was put forth by
Roberta et al. [79]. The TDR value outperformed the Otsu technique’s results while using the same set
of data[101]. Furthermore, Sabouri et al. segmented photographs using CNN boundary-identification
technology, producing an 86.67% Jaccard Index score [102].

Using GAN and a U-Net generator, Udrea et al. identified and suggested pigmented lesions with
91.40% accuracy [103]. Another research effort [104] used a U-Net with four subsampling layers
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to segment medical images. The method was first proposed in [105], where 92%, 98%, and 95%
percent accuracy, specificity, and sensitivity were obtained, respectively. Another research study [106]
has demonstrated a fuzzy C-means clustering algorithm with sensitivity, specificity, and accuracy of
90.02%, 99.15%, and 95.69%, respectively. A strategy called interactive object recognition was used in
another investigation for the segmentation [107]. A further study has presented a unique segmentation
approach that uses edge detection, thresholding, and evaluation of a correlated element of the mask
to extract geometric features based on ABCD [108]. For determining the threshold level from medical
macro photos, a CNN method called DTP-Net was introduced [109].

2.3 Feature Extraction and Feature Selection

The processes of feature extraction and selection are fundamental components of machine
learning. The latest studies on the diagnosis of skin cancer include a variety of attributes, particularly
distinct aspects derived from the dermatologist’s ABCD rule. The feature selection approach is usually
utilized to limit the feature set’s size. However, a number of research employed DNN and charged
CNNs with feature extraction. PSLs are evaluated using the ABCD rule; further assessment by a
specialist is required for these lesions [110]. By computing asymmetry, the authors in [101] were able
to estimate the lesion’s major and minor axes [111]. The region of the lesion was split into 2 parts,
employing an axis derived from the longest diagonal vector corresponding to the Euclidean distance
of the affected area [112].

The edges of the lesion, deformity, four features based on the radius [113], asymmetric edge
indices [114], compactness index [1 1 5], Heywood circularity index, mean curvature [ 1 16], best-fit ellipse
indices [117], bulkiness index [1 18], bending energy, area, perimeter of the convex hull, convexity index,
indentation and protrusion index, and fractal dimensions were among the features extracted for border
irregularity. In the three color channels, the average gradient magnitude and variance in the lesion
expanded rim were retrieved in [119]. The gray-level co-occurrence matrix (GLCM) [120,121] has been
employed by numerous authors for acquiring textural information [82,98,101,122] and is, therefore, the
most frequently employed method. Furthermore, the authors in a distinct study employed the gray-
level run length matrix (GLRLM) [123]. For acquiring the textural attributes of cutaneous lesions,
the authors employed the local binary pattern (LBP) [124]. In another study, the authors employed a
mechanism called Color Image Analysis Learning Vector Quantization (CIA-LVQ) [125].

In another study, the local features were acquired employing the interest points that were identified
with the help of the difference of Gaussian (DoG) [126]. Pacheco et al. [86,91] suggested an approach
to merging CNN-extracted attributes with medical information and this proposed methodology
was called MetaBlock. According to the study’s results, MetaBlock can be a more effective feature
combination technique than conventional concatenation approaches. The authors in [127] adopted
the same technique on the model they utilized in a recent investigation. A pre-trained ResNet50 had
been employed by the authors in their model for withdrawing deep features [128].

2.4 Classification

The acquired attributes are then used to assess and provide the PSLs’ detailed classification
data. A training set of data is used to create a classification method, which is subsequently used by
several classifiers. As a result, the features and classifier drive the model’s performance. Furthermore,
comparing methods of classification with the same dataset and features is often beneficial [46].
Compared to fully linked networks, CNNs are frequently simpler to train and require fewer hyper-
parameter modifications. Custom CNN models have been trained to recognize skin lesion photos in
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certain investigations [81,88,102]. The researchers in [83] used two convolutional layers in each of
two similar CNN frameworks to assess the overall structure and distinct texture of skin pictures.
The researchers combined them to create a fully connected layer. CNNs had been employed in a
different study to extract features from photographs [92]. CNNs that were initially trained to respond
to classification issues had undergone modifications as a result of numerous investigations [129]. A
few researchers used ResNet50 [130] and GoogleNet [85,91,131]. ResNet-152 was tuned to function
as a classifier in a different study [132]. The same researchers trained a CNN to categorize images
into 134 groups in a separate test [133]. The researchers in Reference [123] used a customized artificial
neural network (ANN) to achieve the categorization goal. The researchers of a different study [61]
proposed a linear soft margin SVM as an alternative to the linear SVM utilized in [67]. In [119], an
SVM architecture with a kernel for the histogram’s intersection was employed as the classification
strategy. Additionally, the researchers in [129] classified many categories using a weighted SVM and
adjusted them according to each category’s degree of complexity. Two machine learning models—
KNN and a hybrid classifier created by fusing KNN and Decision Tree (DT)—were employed in a
different investigation [60]. The KINN was used for binary classification in a different study [108].

Non-invasive detecting techniques have emerged from using incident light, oil immersion, and
magnification. The epiluminescence microscope (ELM) stimulates these mechanisms. Nonetheless,
experience as a medical professional is still required for accuracy. Recently, a variety of methods have
been used in experiments with automatic skin cancer diagnosis. Computer-Aided Diagnosis (CAD)
approaches for dermoscopic pictures have evolved to readily stimulate the diagnosis of worrisome
lesions, hence aiding dermatologists in their diagnostic evaluation. Furthermore, inexperienced prac-
titioners may utilize it as a supplementary tool to carry out an initial inquiry [46]. Considering the key
elements which are excluded from the dermoscopic pictures, these therapies might be grouped into
broadly 2 categories. By automatically eradicating the identical attributes, a subset seeks to resemble
therapeutic recognition strategies. Another discipline has its foundation in machine learning and
computational pattern recognition utilized for common visual elements. In [134], a depiction of an
assessment network affected by therapy aspects is shown.

Gola et al. [135] demonstrated a method for diagnosing melanoma. The globular and reticular
patterns are identified by pattern analysis, which is the basis for this automated approach. An
additional study that presents automatic melanoma identification is [136]. The dermoscopic rules
calculated using the ABCD rule are the foundation of the framework.

The majority of the CAD observed with the ML method has been reported [137-139]. A
methodology that uses the K-nearest neighbors (KINN) classifier and removes distinguishing variables
including color, texture, and border was given by Ganster et al. [19]. The methodology achieved 92%
specificity (SP) and 87% sensitivity (SE). Another study involved Artificial Neural Networks (ANN)
utilized as classification entities [138] and the features withdrawn were border and color. In another
study, a skin lesion classification formulated on SVM is presented [111]. The features withdrawn
include shape, texture, and color; attaining a SE of 93% and a SP of 92%.

Tumpa et al. [140] presented melanoma recognition and classification based on ANN utilizing
composite texture features. The procedure employs Otsu’s thresholding segmentation and the features
withdrawn are ABCD, LBP, and GLCM, attaining an accuracy of 97.7%.

While each investigating organization chooses a distinct data source, results evaluation becomes
complicated regardless of whether the CAD practices offer desirable outcomes. It is therefore prevalent
to have to create a dataset of dermoscopic pictures that researchers can employ as ground truth.
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Skin cancer assessment and categorization are largely processed through DL algorithms especially
CNNs. ML and hybrid methods are utilized as well from time to time.

A procedure of removal of artifacts and noise from the raw data file is referred to as pre-processing.
The most important phase in the procedure of segmentation is to discover and describe the area of
lesion in the pictures.

Feature extraction is a crucial step in obtaining relevant data from the partitioned area. Domain-
specific features are often used in machine learning settings. Thanks to DL, the field of ML has
completely changed in the last few decades. It is believed that ANN algorithms represent the most
sophisticated area of ML. These frameworks got inspiration from the formation and functioning of the
human brain. In many different situations, DL. methodologies have demonstrated impressive results
contrary to distinct conventional ML techniques. Many DL approaches have been used in computer-
based skin cancer screening throughout the last few decades.

Summary: In the latter half of the 20th century, investigators started to investigate the possibility of
computers augmenting and analyzing medical images. The primary focus of CAD software was basic
pattern recognition in radiographic images. The journey of CAD started as a quest to augment human
vision with computing capacity. In recent times, artificial intelligence (AI) and machine learning
evolved to an extent where CAD has emerged as an exceptionally developed platform for discerning
minute inconsistencies that are largely overlooked by human vision. The advancement was thwarted
by certain challenges. Owing to the lack of precision and inability to overtake human experience, early
CAD methods were viewed with skepticism But persistent exploration and development in technology
made it suitable for CAD to enhance our potential and emerge as an effective testing technique.

CAD is a technique that effectively merges modern innovations in technology and medicinal
attributes to offer a rather prudent solution. Optimizing the precision as well as the efficacy of
disease observation by means of the utilization of several feasible techniques is a primary goal of
the comprehensive architecture. A lot of advantages stem from CAD synthesis in the therapeutic
domain. Most specifically it allows for identifying cancers at an early stage and enhances the accuracy
of diagnosis while minimizing the duration of time necessary for interpreting. Diagnoses might be
conducted more efficiently and precisely attributable to the practical equipment termed computer-
aided diagnostic (CAD). However, there are actually plenty of problems with CAD operation. Among
the primary issues is the fact that algorithm training relies on reliable information that may prove
a limitation for specific circumstances. Furthermore, the integration of CAD into conventional
healthcare services implies significant infrastructure and mechanical modifications.

3 Challenges in Detecting Skin Cancer

There are a few complications in detecting skin cancer that are associated with variations in image
kinds and sources [141,142]. The distinction in human skin color makes the recognition of skin cancer
complicated [143]. The prime complications of skin cancer are the numerous sizes and configurations
of the images, which cannot provide a precise outcome of recognition. In this regard, pre-processing
is necessary for precise evaluation. Some unnecessary signals are to be adapted, which are actually
not part of an image, although they might be interrupted to attain a better outcome. Therefore, every
noise has to be removed in the pre-processing stage. Another complication is that low contrast from
adjoining tissues extends additional problems, making it difficult for precise analysis of skin cancer.
Distinct components of color illumination, for instance, the texture of color, reflections, etc., also
cause certain complications. There are certain moles that might never evolve cancer cells, but they
produce several complications in identifying skin cancer precisely from cancerous images. In addition
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to instances involving accessibility and statistical value, DL experiences issues with both over-and
under-fitting. If a DNN seeks to establish noise in the input data instead of identifying core patterns,
it constitutes over-fitting. On the other side, if the algorithm seems overly basic or unable to identify
complicated structures in the data, it may underfit.

4 Segmentation Methods

For computer vision (CV) and feature extraction procedures, the segmentation of a digital image
is a crucial task for the evaluation of the image. It is a procedure for dividing an image into several
divisions or sub-divisions separated by gray values that coordinate with distinct real-world entities
in the image. Of all the segmentation methods, thresholding is the most fundamental and effective
approach for digital image segmentation. The distinct kinds of approaches for segmentation are
present in [144,145]. The leading domain in image processing is image segmentation with multi-level
thresholding. The analysis of thresholding techniques and their significance is discussed in [146].
Thresholding approaches are typically of 2 classes: (i) bi-level and (ii) multilevel thresholding (MT).
It relies upon thresholding magnitude evaluated on the grayscale dimensions. The image in the bi-
level thresholding approach is partitioned into 2 divisions on the basis of threshold magnitude, the
partitioning factor; thresholding magnitude is specified on the histogram. An extensive histogram-
based approach called Otsu’s method of segmentation is an example of bi-level thresholding [96]. A
slight transformation to Kittler and Illingworth’s minimum error thresholding is discussed in [147],
entropy based MT of grayscale images is discussed in [148], and a novel cluster evaluation based
threshold selection approach is discussed in [149]. An innovative fuzzy classification entropy method
that lowers the processing time for determining the ideal thresholds for MT is presented in [150].
The ideal threshold is computed by the augmentation of Kapur’s or Otsu’s objective function using
the Krill Herd Optimization technique [151]. The criterion of the MT approach is to divide digital
images into more than 2 divisions by selecting numerous gray terms on the histogram to accomplish
certain conditions [152]. An MT image segmentation approach employing a transformed salp swarm
algorithm (SSA) is discussed in [153].

The following segmentation techniques have been utilized and compared belonging to the
categories: Thresholding based, cluster based, edge based, and region based.

4.1 Otsu’s Thresholding Based Segmentation

It is utilized for implementing automatic image thresholding in image processing. This method
divides a pixel into foreground and background by returning a single intensity threshold. Fig. 4
illustrates skin cancer images after applying Otsu thresholding in the proposed methodology. The
method examines the threshold which reduces the intra-class variance, characterized as a weighted
aggregate of variances of the 2 categories. The clip limit (CL), as well as block size (BS), are two
significant CLAHE parameters. These two factors primarily regulate enhanced image quality. Due to
the input image having poor intensity and the large clip limit obtaining histogram flatter, the image
becomes brighter when the clip limit is increased. The dynamic range expands along with the block
size, which also increases image contrast. When using the entropy of the image, the two factors define
at point having the highest entropy curvature and generate inputs with a subjectively high quality [48].
Each contextual region is subjected to histogram equalization using the CLAHE method. The clipped
pixels from the original histogram are then distributed among each grey level. The redistribution
histogram differs from the regular histogram since each pixel intensity is restricted to the selected
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maximum. However, enhanced and the input image carry minimal and maximal grey values. The steps
of the CLAHE algorithm to enhance an input image are as follows:

Stage 1: Separate an input intensity image into disjoint contextual areas. The overall number of
image tiles is equivalent to M x N, and 8 x 8 is a good score to maintain the chromatic information
of an image.

Stage 2: Calculate a histogram of each contextual area by grey levels present in the array image.

Stage 3: Compute a contrast limit histogram of the contextual regions by the clip limit value as:
o, = (1)’ (1) + (D)o, 0

where w, and w, represent weights for the probabilities of 2 categories segmented by ¢, i.e., threshold
and o, o] represent variances.

The class probability w((1, 2)) (¢) is calculated from N bins of histogram as:
t—1
o ()= Pm) 2)

where N, stands for normalized clip limit in the range [0, 1], where N, is the actual clip limit. The
pixels will be clipped if the number of pixels exceeds N, . If Ny, is the total amount of clipped pixels,
then the mean of the remaining pixels for distribution to each grey level as:

o= Pm) 3)

r F
A \

Figure 4: Illustration of skin cancer images after applying Otsu thresholding

4.2 Multilevel Thresholding Using Otsu

According to this approach for MT, the gray levels of the image are divided into groups or
divisions. Let R be the whole area of space that an image occupies. The goal of image segmentation is
to split the region R up into smaller sections R1, R2, ..., RN.

For this procedure a thresholding level (¢) is specified, the rule set for bi-level thresholding can be
stated as follows:

R «—gif0<g=<t,R«<gift<g=<N-1 “)
Here R, and R, are regions, N — 1 represents the maximum pixel term, g represents any gray term
from the specified range {0, 1,2, ..., N — 1}.

In case the pixel value lies below threshold ¢, it corresponds to Region R1, else it corresponds to
Region R2. The rule set for » MT can be stated as:
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Else lf (Hregion(z)JrNuvggmy) > NCL then

R «—gif0<g<y (5)
R, «—gifty <g<t (6)
R «—gift,<g<t, (7)
R, < gif1, =g <1, ®)

Here ¢, t,, 1, .4, t, and ., represent different thresholds. The overall grayscale is precisely
categorized into numerous exclusive regions through preference or by evaluating the threshold value
(7). In this paper generation of threshold for 2 level, 3 level, and 7 level using Otsu’s approach is
considered for evaluating the optimized t values. Fig. 5 illustrates skin cancer images after applying
Multilevel Otsu thresholding in the proposed methodology.

y

Figure S: Illustration of skin cancer images after applying Multilevel Otsu thresholding

4.3 Adaptive Thresholding

This is a local thresholding approach where instead of manually defining the threshold value,
it is adapted and determined automatically in accordance with image pixels and arrangement for
transforming the pixels of the image to grayscale or a binary image. Primarily, this approach advocates
selecting threshold values automatically for segmenting the prime entity from its background in a state
where there are distinct illumination, colors, or contrast in the image. The pixel intensity upon which
the pixels related to the background and foreground are dissociated is termed as threshold value for
an image. In other words, the higher intensity image pixels than the threshold will be dissociated from
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the lower intensity image pixels. For executing adaptive thresholding, as opposed to providing a single
threshold value by primitive attempt, it is possible to partition the image foreground and background
more effectively by employing a much more precise threshold value.

The segmentation of lesions can be attained by correlating the color of every pixel by a threshold
t. In this paper for adaptive segmentation, small blocks are used to adapt the images. Here the function
provides a rate Y running on X to evaluate the adapted threshold. Further standard deviation (SD) of
X is evaluated. If the rate of SD of the block of pixels is less than 1, it is labeled as a background.

4.4 Niblack Thresholding and Sauvola Thresholding

The Niblack and Sauvola thresholding approach has particularly evolved to enhance the image
quality. These are local thresholding techniques that change the threshold in accordance with the local
mean and SD for every pixel in a sliding window. The final local pixel value of these thresholding
approaches is felicitated by distinct positive parameters also. It is performed to ensure the division
between the entity and the background.

Sy,=Xx(1+cx(o/p—1)) )]
N, =X+cxo —a (10)
where S, represents Sauvola value, N, represents Niblack value, X represents mean, o represents
standard deviation (SD), ¢ represents positive parameter, p represents dynamic range of SD.

In this paper, Niblack, Sauvola, and binarized Sauvola techniques are used for classifying skin
cancer lesions. FFig. 6 illustrates skin cancer images after applying Niblack and Sauvola thresholding
in the proposed methodology.
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Figure 6: (Continued)
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Figure 6: Illustration of skin cancer images after applying Niblack and Sauvola thresholding

4.5 Active Contour Segmentation

This segmentation technique utilizes energy forces and limitations to split up the pixels of interest
out of the remainder of the image for additional refining and evaluation. For segmentation, an active
contour interprets a particular edge or curvature for the areas of the target entity. The contour relies
on certain constraints, and on this basis, it is categorized into distinct types. The approach is used
in several image processing applications, especially in therapeutic imaging, by segmenting the regions
from distinct therapeutic images [153,154]. The contours are edges formulated for the targeted region
required in an image. It is a cluster of points that experience interpolation procedures that might be
linear, splines, or polynomials, representing the curve in the image [155]. Distinct models of active
contours are implemented for the segmentation approach in image processing, and the prime objective
of is to specify a smooth shape and create a closed contour for the region. These models outline the
edges of entities or distinct attributes of the image to produce a contour. The curve of the models
is ascertained by numerous contour methods by applying external and internal forces. The energy
function is related to the curvature specified in the image. The synthesis of forces because of the image
that is precisely employed for administering the orientation of the contour on the picture is referred to
as external energy, while internal energy regulates the deformable variations. The appropriate contour
is attained by determining the minimum of the energy functional. The cluster of points that observe a
contour is considered to be contour-deforming. By reducing the energy function this contour fits the
preferred image contour defined by minimizing the energy function.

In this paper, the Chan Vese model for active contour is utilized for segmenting skin cancer lesions.
It is an effective and flexible approach that can segment distinct types of images, which are relatively
difficult to segment through traditional segmentation approaches [155]. The approach is demonstrated
by the Mumford-Shah functional that is utilized in the therapeutic imaging domain.

The segmentation is performed using the image segmenter app by evolving 100 iterations. The
components connected to the edges of the image are suppressed. The masked illustration is then
created through the input, which is the final segmented image. Fig. 7 illustrates skin cancer images
after applying the Chan Vese segmentation approach to the proposed methodology.
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Figure 7: Illustration of skin cancer images after applying the Chan Vese segmentation approach

4.6 Watershed Segmentation

The watershed algorithm is formulated by withdrawing certain background and foreground and
later utilizing markers to create a watershed run and determine the accurate edges. The approach
typically helps in determining connected and overlapping entities in an image.

In this paper, the utilization of the watershed algorithm is initiated by modifying the RGB
images into grayscale. Consequently, to provide a smooth image, a morphological top-hat filter is
utilized. In the next step, the images are transformed into binary format employing grayscale and are
later complemented. In the next step, the distance is computed and the watershed transformation is
calculated. The segmented regions are displayed by employing distinct colors. Fig. § illustrates skin
cancer images after applying the watershed segmentation approach.

Figure 8: Illustration of skin cancer images after applying the watershed segmentation approach

4.7 Fast Marching Approach (FMM)

It is an arithmetical method that is used to interpret boundary value problems of the Eikonal
equation:

1

IVT ()l o) (1

The problem generally illustrates the progression of a closed surface as a function of time 7" and
speed v in the usual direction at point y on the propagating area. The speed function is defined, and
the time when the contour traverses the point y is attained by solving the equation. The FMM uses
this optimal control evaluation of the complication so as to come up with a solution emerging from
the boundary values. The FMM works on the fact that data only moves outward from the seeding
region.

In this paper, FMM is utilized to segment the ROI of the images on the basis of variations in gray
intensity in contrast to the seed locations. A mask is then created by defining seed locations. In the
subsequent step, a weighted array is computed on the basis of grayscale intensity variations, and the
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images are segmented using these weights. Further, by thresholding the geodesic distance matrix by
distinct thresholds, different segmentation results are computed. Fig. 9 illustrates skin cancer images

after applying FCM.

Figure 9: Illustration of skin cancer images after applying FCM

4.8 Simple Linear Iterative Clustering

By synthesizing pixels in the image plane based on their proximity and color homogeneity, this
method produces superpixels. It is the most often used method for superpixel segmentation; however,
it requires too much processing power. Images of skin cancer after using the simple linear iterative
clustering technique are shown in Fig. 10.
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Figure 10: Illustration of skin cancer images after applying the K-means clustering approach

4.9 K-Means Clustering

It is utilized for implementing automatic image thresholding in image processing. This method
divides a pixel into foreground and background by returning a single intensity threshold. Fig. 11
illustrates skin cancer images after applying K-means clustering in the proposed methodology. The
method examines the threshold which reduces the intra-class variance, characterized as a weighted
aggregate of variances of the 2 categories. It is an unsupervised clustering algorithm that simply
indicates that there is no availability of labeled data. It is employed to ascertain distinct groups or
categories in the specified data derived from the similarity of the data. Data points in the same category
are indistinguishable from distinct data points in a similar group compared to those in different groups.
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Figure 11: Illustration of skin cancer images after applying the K-means clustering approach

It is one of the most extensively employed clustering approaches, where K denotes the number of
clusters.

The algorithm works as follows:

1. Select the number of clusters that is K.

2. Arbitrarily allocate the data points to the K clusters.

3. Evaluate the center of the clusters.

4. Evaluate the length of the data points from the centers of every cluster.

5. Derived from the length of data points from the cluster, redistribute them to the adjacent
clusters.

6. Then compute the new cluster center.

7. Reiterate Steps 4, 5 and 6 until data points turn the clusters, or till the specified number of
iterations is attained.

4.10 Fuzzy C-Means Clustering (FCM)

It is a particular case of K-means when the probability function applied is merely 1 in case the
data point is nearest to a centroid and 0 contrarily.

The algorithm works as follows:
e Presume a certain quantity of clusters, i.e., K.

e Arbitrarily compute the K-means u, related to the clusters and evaluate the probability that
every data point x is a component of a specified cluster K.

e Re-compute the centroid of the cluster as the weighted centroid provided the likelihood of
components of each data point x:

> Xk PAplx))
> ok XP({pklx)’

Reiterate till convergence or till the number of iterations specified by the user has been obtained.

ug(n+1) =

(12)
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In this paper, fuzzy c-means clustering of images is executed which divides the image into #n clusters
automatically by random initialization. The counts of clusters and iterations might be controlled and
determined by the user. The outcomes of the function are upgraded cluster centers and segmented
images illustrated in Fig. 12.

Figure 12: Illustration of skin cancer images after applying FCM

4.11 Edge-Based Segmentation Approaches

An image processing approach that detects the edges of entities within an image is known as
the edge detection technique. It is utilized for segmenting images by identifying discontinuities in
brightness. Fig. 13 illustrates skin cancer images after applying (a) Sobel (b) Prewitt (c) Robert (d) Log
(e) Zero Crossing (f) Canny. The distinct edge detection approaches used in this paper are discussed

in Table 2.

(a) Sobel

Frawitt Prowitt

(b) Prewitt

Figure 13: (Continued)
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(c) Robert

(d) Log

(e) Zero Crossing

(f) Canny

Figure 13: Illustration of skin cancer images after applying (a) Sobel (b) Prewitt (¢) Robert (d) Log (e)
Zero Crossing (f) Canny
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Table 2: The edge detection methodologies applied in the proposed work

Sobel Spots edge at the points of the maximum gradient of the image, employing the
Sobel approximation to the derivative.

Prewitt Locates edges at the points of the maximum gradient of the image, employing
the Prewitt proximity to the derivative.

Roberts Locates boundaries at the locale of the maximum gradient of the image,
employing the Roberts proximity to the derivative.

Log Locates edges by searching zero-crossings subsequent to refining images with a
Laplacian of Gaussian (LoG) filter.

Zerocross Locates boundaries by searching zero-crossings subsequent to refining images
through a filter one specifies.

Canny Locates edges by searching local maxima of the gradient with the help of a

Gaussian filter. The approach utilizes 2 thresholds to identify strong and weak
boundaries, incorporating weaker ones in the output provided they are
interconnected with strong edges. Because of the 2 thresholds, the Canny
approach is not affected by the noise like other approaches and detects true
weak edges accurately.

5 Proposed Methodology

In this paper, we bring forward an image processing established framework to determine, with-
draw, and categorize the lesion from the dermoscopy pictures, the method will help in the identification
of skin cancer. The block diagram for the proposed methodology is illustrated in Fig. 14.

5.1 Dataset Description

The PH2 database was developed by a mutual research association among the Universidade do
Porto, T’ecnico Lisboa, and the Dermatology service of Hospital Pedro Hispano in Matosinhos,
Portugal [156]. This dataset consists of 200 dermoscopic pictures (8 bits RGB pictures) having a
resolution of 768 * 560. The pictures are categorized into 80 common nevi, 80 atypical nevi and 40
melanomas.

5.2 Image Pre-processing

This step involves transforming the RGB images to grayscale, and noise filtering by using the
dullrazor software. It is utilized since some of the acquired images are noisy because of the presence
of hair and bubbles around the lesion. So Dullrazor is administered to reduce the consequence of hair
being obscured on the skin in the final picture utilized for categorization, making the segmentation
more accurate. Fig. 15 illustrates the output image from the pre-processing phase.
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Figure 14: Block diagram of skin cancer diagnosis classified according to the melanocytic nevis and
malignant conditions

Figure 15: The original picture, the gray picture prior to hair identification and elimination, and the
gray image following hair detection, exclusion, and reconstruction are the three samples for hair
detection, exclusion, and reconstruction that are illustrated

5.3 Segmentation

The subsequent step is identifying and segmenting the region of interest (ROI) that depicts the
suspected area. This procedure comprises steps as follows: thresholding, computing the histogram, and
conversion to a black-and-white image in the case of global thresholding using OTSU segmentation.
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For multi-level thresholding using the Otsu approach, for a 2-level approach, a single threshold value
is computed and the image is segmented into 2 levels. For the 3-level approach, 2 threshold values are
computed, and the image is segmented into 3 levels, which are then converted into a colored image. For
the 7-level approach, thresholds for 7 levels from the entire RGB image are generated. The threshold
for each plane of the RGB picture is then generated. Process the picture with an array of threshold
terms enumerated from the picture. Process each RGB plane separately using the threshold vector
computed from the given plane. Quantize every RGB plane through the threshold vector prompted
for that plane.

5.4 Feature Extraction

Feature extraction depicts approaches aiming at withdrawing additional value details off the
images. The withdrawn elements called features might be statistical, boundary, morphological, and
textural characteristics. These features are applied as input data for distinct image processing proce-
dures such as segmentation and classification.

The proposed algorithm extracts textural features of the images in the test phase. Let X represent
the feature database, which has 200 images. Let FV/, represent query feature vector (FV) having length
34 (representing features extracted). The 200 images are divided into 3 categories: atypical Nevi,
common Nevi, and Melanoma. These categories are subdivided into benign (containing atypical
and common nevi mages) and malignant (containing melanoma images) forms. The final FV is a
combination of both benign and malignant classifications forming a vector of 200 *x 34. The feature
extraction mechanisms utilized in the paper are discussed below:

5.4.1 Grey Level Co-occurrence Matrix (GLCM )

The texture of a picture provides the detail about the spatial positioning of color or hue. 1
dimensional (1-D) histogram is not convenient for exhibiting the texture and therefore a 2-D matrix
called GLCM is employed for evaluating the texture. It picks up the numerical textural features that
are utilized to illustrate, categorize and compare textures.

Calculation of GLCM:

It comprises size of M x M (M representing gray levels) illustrating the group of possible pixel
levels.

It is calculated on the basis of 2 criterions:
R — relative distance amongst the pixel pair
6 — rotational angle

GLCM computes the joint probability of 2 pixels separated by R and across 6 comprising co
occurring values j and k as shown in Fig. 16.

Different GLCM textural measures:

This paper includes 8 local texture features that are illustrated below with mathematical interpre-
tation on the evaluation of each texture. Here (i, j) represents the frequency of components in the
GLCM with index 4, j.

Energy: It symbolizes the image’s uniformity or stability. The more homogeneous texture is
indicated by substantial energy levels.

Energy = > /(i.)) (13)
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Figure 16: Illustration of GLCM employed for evaluating the texture of an image

Entropy: The entropy of grayscale picture I is returned by entropy(I). The source image’s texture
can be described using entropy, an empirical metric of randomization.

Entropy = — »_ (i, j)log,f(i.j), or 0if f (i.j) =0 (14)

Correlation: It calculates the linear dependence among two pairs of pixels. A more consistent
texture is indicated by high correlation coefficients.

(=) (G —wfa))

ij o?

Correlation = Z (15)

Inverse Difference Moment (IDM): For asymmetrical images, the outcome is a low IDM mag-
nitude, while for uniform pictures, a significantly greater measure. The uniformity of the picture also
affects IDM. The weighting factor means that asymmetrical regions will only contribute slightly to
IDM.

1 .

Contrast: Quantifies the image’s local variances. Significant variations in the brightness of
adjacent pixels are indicated by high contrast indices.

Contrast = ZU (i — )21, )) (17)

Cluster Shade: To minimize the number of computations required for the cluster shade calcula-
tions, this texture feature can be expressed in the form of the image pixel values present in a given i  j
neighborhood with G gray levels ranging from 0 to G—1, where f(i, j) exhibits the intensity at sample
i, line j of the region.

Cluster Shade = D" ((i — p) + (i — )/ (i.)) (18)

Cluster Prominence: The GLCM’s skewness and asymmetry are gauged by this. Greater asymme-
try over the mean is implied by values that are greater, whilst less fluctuation over the mean and a peak
close to the mean are indicated by values that are lower.

Cluster Prominence = Z (=) +G—mw)fa.n (19)
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Auto Correlation: An indicator of how fine or coarse a texture is called autocorrelation.
Auto Correlation = Z (i) f,)) (20)
L]

Homogeneity: It represents how closely the GLCM diagonal and the element scatter are related.
Elevated homogeneity levels imply a more homogeneous texture since they show that the elements are
grouped across the diagonal.

-1

M
Homogeneity = E - 1 (21)
ij= K

where u is the weighted pixel average due to matrix symmetry and o is the weighted pixel variance due
to matrix symmetry.

The 10 advanced texture features that are utilized in this paper are illustrated below along with
their mathematical expressions.

Mean: It represents the mean intensity of gray levels in the region of interest (ROI).
M _ e 22
can = if(Q.)) (22)

The Sum of Squares Variance: An estimation of the spread of nearby intensity scale pairs around
the GLCM mean intensity level is called sum variance.

Sum of Squares Variance = ZU (i— )’ f(,)) (23)

Dissimilarity: A linear assessment of an image’s local variances is called dissimilarity.
Dissimilarity = > (i —j)’f(i.)) (24)
L

Sum Average: The association between merging with lower intensity levels and pairings with
higher intensity levels is computed by the sum average.

Sum Average = — Z_i () (25)

Sum Variance: With a significant correlation to first-order statistical parameters like standard
deviation, variance serves as an index of variability. As a gray level score deviates from its mean,
variance rises.

Sum Variance = Z (i—f) S (D) (26)
Sum Entropy: The variation in adjacent intensity values added together is known as total entropy.

Sum Entropy = > fiu, () log(fis, (i) 7

Difference Variance: It is measured by variance, which assigns greater weights to intensity
threshold differences across pairings that deviate further from the mean.

Difference Variance = Zz ((l — [ZZ if, (i)])z) (28)
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Difference Entropy: This quantifies the degree of unpredictability or unpredictability in the
variations in adjacent intensity values.

Difference Entropy = — Z:ﬁ)—l P, (i) log{P._, (1)} (29)

Information Measures of Correlation (IC1): It quantifies the texture’s uncertainty by evaluating
the relationship amongst the probability variations of i and j employing mutual information I(x, y):

1C1=3""3"" (i) log(f () — log, (D)) (30)

Information Measures of Correlation (IC2): It measures the texture’s uncertainty by evaluating
the relationship amongst the probability distributions of i and j. IMC2 has a range of [0, 1], where
0 denotes the situation where there is no exchange of information between two independent ranges,
and the greatest value denotes the situation when there are two fully dependent and homogeneous
probabilities.

IC2 = /1 — ¢ 2oV (31)

5.4.2 GLRLM Features

In this paper, 7 local higher order statistics texture coefficients based on the grey level run-length
matrix will be processed that are discussed below with mathematical expressions. Here f(i, j) represents
the element in cell 7, j of a normalized Run Length Matrix, N represents the total number of runs and
NP represents the sum of pixels:

Short Run Emphasis (SRE): A range that represents a measurement of small run lengths; a higher
value denotes more fine-grained textural features and shorter run lengths.

1 f@.))
SRE = 5 ZU .

J
Long Run Emphasis (LRE): A metric used to determine the long run length pattern; longer run
lengths and coarser structural textures are indicated by higher levels.

1
LRE = ZU 13, )) * (33)

(32)

Grey-Level Non-uniformity (GLN): A lesser GLN value is correlated with more intensity value
coherence. GLN is a metric used to quantify the likeness of gray-level intensity levels in a picture.

GLN = % > (z 1. j))2 (34)

Run Length Non-uniformity (RLN): A smaller number of RLN indicates greater homogeneity
across the run lengths in the picture. RLN assesses the similarities of run lengths across the picture.

RLN = % > (Z 1, j))2 (35)

Run Percentage (RP): It evaluates the correlation among the number of runs and voxels in the
ROI to ascertain how fine the texture is.

N
RP = — 36
5 (36)

)4
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Low Grey-Level Run Emphasis (LGRE): A higher score in LGLRE indicates an increased
number of low gray-level frequencies in the picture. LGLRE evaluates the proportion of low gray-
level frequencies.

(37)

1 AT
LGRE = —

N er/ i?
High Grey-Level Run Emphasis (HGRE): A higher score in HGLRE indicates an increased

amount of high gray-level frequencies in the picture. HGLRE quantifies the spread of the larger gray-
level frequencies.

1 R )
HGRE = ZU 1 (,)) * i (38)

5.4.3 Statistical Features

In this paper, we evaluated 8 statistical features that are discussed below with mathematical
expressions.

. 1 n .
Mean Intensity = , Zi:l Y (@) (39)

Contrast: Although it depends on the total grayscale dynamic range, contrast is a representation
of a variation in spatial magnitude. A picture with an extensive array of gray levels and significant
variations across individual voxels and their surrounding areas is said to have a high contrast when
both the dynamic range and the spatial transition rate are substantial.

Contrast = ZZ: n’ {Zio (f(i,j))} (40)

Correlation: A correlation coefficient ranges from 0 (uncorrelated) to 1 (completely correlated),
indicating how linearly the gray level scores rely on the corresponding voxels.

Correlation = ZM ZM (== W] (41)

o2

Standard deviation: It specifies how much the mean value deviates or is dissipated.

Standard deviation = \/ {Zi: [(x; —m)2xf (xi)]} (42)

Entropy: It describes how arbitrary or uncertain the image attributes are. It calculates the mean
quantity of data needed to encode the picture elements.

Entropy = > (f (x) * log2f (x)) (43)

HI represents 3 histogram features.

A detailed explanation of the proposed methodology is illustrated in Fig. 17.
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Figure 17: A detailed visual illustration of the proposed methodology

5.5 Quality Evaluation Metrics

Image classification, or deriving information from a picture through CV and ML techniques, is
the final phase. The 12 distinct metrics have been utilized to quantify the textural feature extraction.

5.5.1 Sensitivity

Sensitivity (SE) represents the exactness of predictions made and expressed mathematically as the
number of rightly detected points in the class (true positives; TP) divided by the total number of points
in the class (positives; P).

SE = TP/P (44)
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5.5.2 Specificity
Specificity refers to the likelihood of a negative test result with a condition of the individual
actually being negative.

SP = TN/N (45)

5.5.3 Positive Predictive Value (PPV) and Negative Predictive Value (NPV)

The positive and negative predictive values (PPV and NPV) represent the amount of positive and
negative outcomes in statistics and diagnostic tests that are true positive and true negative results,
respectively.

PPV = TP/(TP + FP) (46)
NPV = TN/(TN + FN) (47)

5.5.4 False Positive Rate (FPR) and False Negative Rate (FNR)

FPR is the inaccurate exclusion of a null hypothesis that is actually true. FNR is the inadequacy
to reject a null hypothesis that is actually false.

FN = FN/P (48)
FPR = FP/N (49)

5.5.5 False Discovery Rate (FDR)

It is the anticipated proportion of the number of false discoveries to the sum of positive
classifications. This summation includes both the number of FP and TP.

FDR = FP/(TP + FP) (50)
5.5.6 F Score

F score is an estimate of a test’s accuracy in the analytical study of binary classification.
F =2TP/(2TP + FP + FN) (51)

5.5.7 Matthews Correlation Coefficient (MCC)

It is a measure of association for two binary variables employed as a measure of the quality of
binary classifications.

MCC = (TP * TN — FP * FN)/\/((TP + FP)(TP + FN)(TN + FP)(TN + FN)) (52)

5.5.8 Accuracy

Accuracy is how close a given set of measurements (observations or readings) are to their true
value.

5.5.9 Area Under Curve (AUC)

AUC illustrates the capability of a model, notwithstanding a specified threshold, to characterize
the 2 classes. The higher value indicates the model performs better. It has a value between 1 and 0.
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Algorithm : Proposed model algorithm
Load the PH2 dataset
Image Pre-processing
1. Hair Removal — Dullrazor
Image Segmentation
2. Define segmentation techniques given by Eqs. (1)—(12)
3. Perform segmentation on the PH2 dataset
Feature Extraction
4. Evaluate textural features
5. Define GLCM, GLRLM, and Statistical Features
6. Create a combined feature vector set
Image Classification
7. Define the SVM classifier
8. Define melanoma images as — 0, and non-melanoma images — 1
9. Create classification types as — {0, 1} corresponding to melanoma and atypical nevus and
{0, 1} — corresponding to melanoma and common nevi.
Training
10. Set up the classifier’s initialization and specify an empty list to store training data.
11. Create a distinct classifier instance for the subsequent iteration.
12. Train using the combined features extracted.
Prediction
13. For the SVM classifier in the list.
14. Identify the input data’s class predictions.
15. Use majority voting to combine predictions.
Return the final prediction.

6 Experimental Results and Discussion

The evaluation of various segmentation techniques is covered in Section 6. The measures outlined
in Section 6 served as the foundation for the evaluation. There are three sections to the experimental
results. Initially, we assess the algorithms using all of the image data. Next, we calculated each of the
200 photos’ textural features. Next, we talk about how well the segmentation techniques work for three
different kinds of lesions: melanomas, atypical nevi, and common nevi. As we’ll see, in each of these
three scenarios, the segmentation approaches perform differently.

Ablation Study

We assembled the skin cancer pictures from the PH2 database. The resolution of pictures is
768 % 560 and is categorized into 3 classes Melanoma, Atypical Nevus, and Common nevi. The number
of pictures in every class is 40, 80 and 80, respectively. A few sample pictures from the database are
illustrated in Fig. 2. We employ the textural features of skin cancer photos to validate the precision
and effectiveness of our suggested method. From GLCM numerous features are deployed for the skin
cancer classification namely autocorrelation, Contrast, Correlation, Energy, Entropy, homogeneity,
maximum probability, sum of squares, sum average, and sum variance. Each class of skin malignancy
is differentiated by certain features. The algorithms for feature extraction withdraw distinctive features
out of every class of skin cancer images. The GLCM acquires the RGB image initially and transforms
it to a grayscale image, wherein the number of rows and columns matches the number of gray levels.
The periodicity of a particular number of gray levels recurring at multiple points within an image
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is determined by GLCM. GLCM feature extraction exploits the spatial relationship among various
combinations of pixels to map the gray level co-occurrence probabilities in distinct angular positions.
The GLRLM is also employed to extract textural features. An algorithm for generating higher order
statistical texture features is the GLRLM methodology. A line of pixels having an identical intensity
value oriented in a particular direction is referred to as a gray level run. The gray level run length is
computed by the amount of these pixels, and the run length value is the total number of occurrences. In
this case, the number of adjacent pixels in the specified direction that have the same grey intensity can
be referred to as the run length. 7 GLRLM features are withdrawn in our proposed method and the
parameters are SRE, LRE, GLN, RLN, RP, LGLRE, and HGLRE. Also, we evaluated 8§ statistical
features. With the combination of 3 types of textural feature extraction, a total of 34 features are used
in this work. A feature vector of 200 x 34, i.e., 200 images from the PH2 dataset and 34 textural features
is made which is used to classify skin cancer into benign and malignant categories. The different
segmentation techniques have been utilized and compared belonging to the categories: Thresholding
based, cluster based, edge based, and region based. The segmentation results were compared with the
reference images (ground truth) and the segmentation errors were evaluated by the 12 metrics described
above. The results are illustrated in Figs. 18-20. Type 1: With an accuracy score of 90.00%, the Otsu
(3 level) method is the best approach. The Otsu (2 level) and Sauvola have the best SE rate, which is
97.50%. The Binarized Sauvola achieves the best SP rate of 82.50%. The Binarized Sauvola achieves
the best PPV rate of 91.30% (benign) and 82.5% (malignant). The Binarized Sauvola achieves the best
FDR rate of 8.8% (benign) and 17.5% (malignant). The Otsu (2 level) yields the best NPV rate of
91.30%. The Otsu (2 level) yields the best FNR rate of 2.50%. The Binarized Sauvola achieves the
highest FPR (17.55%). The Binarized Sauvola achieves the best BA rate of 86.80%. The Otsu (3 level)
achieves the best F1 rate of 92.70%. The Otsu (3 level) achieves the best MCC rate of 77.15%. The
Otsu (2 level) and Sauvola have the best AUC rate, which is 97.50%. The Binarized Sauvola achieves
the best SE rate of 93.50% as shown in Table 3. Table 4 shows the median of the segmentation scores
for each method.

Type 2: With an accuracy score of 90.80%, the Binarized Sauvola is the best approach. The Sauvola
and Watershed have the best SE rate, at 96.25%. The Binarized Sauvola and FCM achieve the best SP
rate of 87.50%. The Binarized Sauvola achieves the best PPV rate of 85.4% (malignant) and 93.7%
(benign). The Binarized Sauvola exhibits the best FDR rate, which varies from 14.60% for instances
of cancer to 6.30% for benign cases. The Watershed reaches the highest net present value rate at
90.00%. K-means clustering has the best FNR rate at 1.00%. At 82.50 percent, The Canny records
the highest FPR.

The Binarized Sauvola achieves the best BA rate of 90.00%. The Binarized Sauvola achieves the
best F1 rate of 93.08%. The FMM achieves the best MCC rate of 81.7%. The Binarized Sauvola
achieves the best AUC rate of 95.20% as shown in Table 4.
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Table 3: The resultant of the segmentation scores for each method for Type 1

Approach Acc  SE SP PPV FDR NPV FNR FPR BA Fl MCC AUC

Otsu (global) 8420 9250  67.50  85.10(0) 14.900) 81.80 7.50 3250 80.00 88.60 63.34  88.70
81.80(1)  18.20(1)

Otsu (2 level) 8250 9750 5250  80.40 19.60(0) 91.30 250  47.50 7500 88.10  60.19  90.03
9130  8.70(1)

Otsu (3 level) 90.00 9600 77.50  89.50(0) 10.50(0) 91.10 370 2250 8675 9277 7715  92.68
91.20(1)  8.80(1)

Otsu (7 level) 8420 9250 6750  85.1000) 14.90(0) 81.81 7.50  32.50 80.00 88.62 6333  89.40
81.80(1)  18.20(1)

Niblack 8330 91.25 6750  84.90(0) 20.50(0) 79.40 875 325 7930 8795 6146  86.30
79.40(1)  20.60(1)

Sauvola 75 9750  30.00  73.60(0) 8.80(0) 8570 250  70.00 6375 83.80 4038  83.5

85.70(1)  17.50(1)
Binarized Sauvola  88.30 9125 8250 91.30) 8.80) 825 875 175 868 9125 7375 935
82.5(1)  17.5(1)

Chan Vese 8250 7290 80 90(0) 10.00)  80.00  10.00  20.00 8500 90.00 71.00  84.96
80(1) 20.0(1)

Watershed 81.70 9500  55.00  80.90(0) 19.1(0) 84.60 5.00 4500 7500 87.35 5721  87.1
84.60(1)  15.4(1)

FCM 81.70 887 675  84.50) 15.50) 75 1125 325 781 8658 57.87 87
75(1) 25.00(1)

K-Means 8580 9500 67.50  85.40(0) 14.60(0) 87.00 500  32.50 8120 89.90 6731  85.80
87.1(1)  12.90(1)

Log 70.00  80.00  50.00  76.20(0) 23.80(0) 55.00 20.00 50.00 6500 78.00 30.86  76.50
55.60(1)  44.40(1)

Prewitt 7170 9620  22.50  71.30(0) 28.70(0) 75.00 3.07 7750  59.30 8191 2946  68.10
75.00(1)  25.00(1)

Robert 7500 8870  47.50  77.20(0) 22.80(0) 32.11 112 5250 68.00 8250 40.71  81.60
67.90(1)  32.10(1)

Zero crossing 7830 87.50  60.00 81.40(0) 18.60(0) 70.50  12.50  40.00 73.75 84.33  49.69  82.70
70.60(1)  29.40(1)

FMM 7250 8125 5500  78.30(0) 21.70(0) 59.40 1875 4500 68.10  79.75  37.00  75.70
59.50(1)  40.50(1)

Geodesic 7250 8620 4500  75.80(0) 24.20(0) 62.00 1375  55.00 63.10 80.00 3440  76.80
62.1(1)  37.90(1)

Canny 6580 8120 3500 71.40(0) 28.60(0) 48.00 1870 6500 58.10 76.00 178  66.20

48.30(1)  51.70(1)
Gray difference 77.50  88.00  55.00  79.80(0) 20.20(0) 70.90 1120 45.00 71.50 84.00 47.11  82.50
71.00(1)  29.00(1)

Sobel 7420  96.25  30.00  73.30(0) 26.70(0) 80.00  3.75 70.00  63.12 8324 3741 67.21
80.00(1)  20.00(1)
Iterative 81.70  95.00  55.00  80.90(0) 19.10(0) 84.61  5.00 4500  75.00 87.35 5721  86.90

84.60(1)  15.40(1)
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Table 4: The resultant of the segmentation scores for each method for Type 2

Approach Acc  SE SP PPV FDR NPV FNR FPR BA Fl MCC AUC

Otsu (global) 87.50 91.25  80.00 90.1000) 9.90(0) 875  20.00 17.90 85.60 90.68 528  93.00
82.10(1)  17.90(1)

Otsu (2 level) 8250 9125 6500  83.90 16.100) 78.78 870 3500 78.10 87.40 5930  94.30
78.80  21.20(1)

Otsu (3 level) 87.50 91.25 80.00 90.1000) 9.90(0) 82.00 870  20.00 8560 90.68 71.71  93.3
82.10(1)  17.90(1)

Otsu (7 level) 86.60  89.80  80.00  89.90(0) 10.00(0) 1.01  20.00 17.90 84.00 89.80 7139 937
80.00(1)  20.00(1)

Niblack 81.70  86.25 7250  86.30(0) 13.70(0) 72.50 1370  27.50 7930  86.25 5875  89.06
72.50(1)  27.50(1)

Sauvola 80.80 9625 50.00  79.40(0) 20.60(0) 86.95 370  50.00 73.10 87.00 5530  84.70

87.00(1)  13.00(1)

Binarized Sauvola  90.80  92.50  87.50  93.7(0)  6.30(0) 8530 7.50  12.50  90.00 93.08 79.71  95.20
85.4(1)  14.60(1)

Chan Vese 86.70  91.25 65 83.90(0) 16.1(0) 78.78  8.70 3500 78.10 8742 5938  84.90
78.80(1)  21.2(1)

Watershed 86.70 96.25 67.50 85.60(0) 14.4(0) 90.00 3.70 32.50 81.80 90.58 69.40 89.70
90.00(1)  10.00(1)

FCM 87.40  87.50 87.50 93.3(0) 6.7(0) 7177  1.25 222 87.50  90.32 73.02 %4
77.8(1)  22.20(1)

K-Means 86.70  90.00  77.50  88.90(0) 11.10(0) 79.40  1.00 2250 89.44 6793 6940  94.20
79.5(1)  20.50(1)

Log 72.500 83.700 50.00  77.00(0) 23.00(0) 60.00 16.00 50.00 66.00 80.00 35.60  77.90
60.60(1)  39.40(1)

Prewitt 70.80  88.75 3500  73.20(0) 26.80(0) 60.80 11.20 65.00 61.80 80.20  28.44  76.30
60.90(1)  39.10(1)

Robert 82.50 93.75 60.00 82.40(0) 17.60(0) 82.70 6.25 40.00 76.80 87.70 59.18 86.30
82.80(1) 17.20(1)

Zero crossing 79.20  90.00  57.500 80.90(0) 19.10(0) 74.10  10.00 4250 73.75 8520 51.15  85.00
74.20(1) 25.80(1)

FMM 75.00  83.75 57.50  79.80(0) 20.20(0) 63.80 1620 4250 68.10 70.60 8170  85.10
63.90(1) 36.10(1)

Geodesic 80.00 91.25 57.50 81.10(0) 18.90(0) 76.60 8.70 42.50 74.30 85.88 53.00 86.78
76.7(1)  23.30(1)

Canny 60.80  82.50 17.50  66.70(0) 33.30(0) 33.00 17.50 82,50  50.00 73.70  0.00 62.80
33.30(1)  66.70(1)

Gray difference

Sobel 72.50  90.00 37.5 74.20(0) 25.80(0) 65.21  10.00 62.50 63.75 81.35 3293  76.96
65.20(1) 34.80(1)

Iterative 86.70 92.50 75.00 86.10(0) 11.90(0) 83.33 7.50 25.00 83.75 90.24 69.43 93.96

83.30(1)  16.70(1)

7 Conclusions and Future Work

By recognizing and classifying the lesion from the dermoscopy images, the research offers an image
processing method that is crucial for the detection of skin cancer. 200 dermoscopic images (8 bits RGB
images) with a 768 % 560 resolution are recovered, segmented, feature extracted, and classed after
preprocessing from the PH2 database. Pre-processing techniques include grayscale photo conversion
from RGB and noise reduction with dull razor software. Numerous segmentation methodologies,



4254 CMC, 2024, vol.81, no.3

including region-based, edge-based, cluster-based, and threshold-based approaches, have been put
into operation and evaluated. Knowing how to distinguish benign from malignant moles is essential
because they may initially seem to be the same. An essential tool for therapists with little to no
training is automatic identification. In order to aid in the early diagnosis of malignant melanoma
and melanocytic nevi lesions, this study implemented a computer-aided technique of categorizing
melanoma based on dermoscopy images. Pre-processing mainly improves the images by removing
unwanted hair, which facilitates precise feature extraction and helps distinguish between different
kinds of lesions. Research has highlighted the combination of statistical, GLCM, and GLRLM
features for dermoscopy picture identification. Thirty-two pertinent textural features have been
identified from the co-occurrence matrix. In the final stage, the SVM classifier for classification has
been recommended in two ways. Different levels of classification accuracy were demonstrated by the
classification methodology’s performance. The most effective method for classifying melanoma and
atypical nevi, two types of skin cancer, is the Otsu (3 level) technique. At 90.00% accuracy, it received
the best possible score. A different method that yields far better results divides melanoma and ordinary
nevi into two categories of skin cancer using the Binarized Sauvola. This strategy offers an ideal
accuracy score of 90.80%. This study suggests that the combination of textural traits can be useful in
efficiently classifying malignant melanoma, common nevi, and atypical nevi in dermoscopy pictures.

In the future, this methodology could be applied for evaluation on larger skin-cancer databases like
ISIC and HAM10000. We intend to use more sophisticated techniques in the future, particularly deep
learning algorithms, to increase system stability and yield more precise diagnoses on dermatological
photos. The aim of implementing these tactics is to identify and differentiate between skin lesions.
Subsequent investigations might leverage this unique approach to augment the treatment estimate of
the melanoma lesion framework and incorporate temporal visualizations to enhance the algorithm’s
capability to detect borders for melanoma lesions.
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