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Abstract: The biggest organ in the body is the human skin. Its weight is between six and nine 

pounds, and its surface area is roughly two square yards. The body's internal organs and the 

outside world are separated from one another by the skin. Dermoscopy technology was developed to 

improve melanoma diagnosis, a type of cancer that often starts in skin pigment cells (melanocytes). 

Dermoscopy, a non-invasive skin imaging technique, is used to acquire an image of a section of skin 

that has been enlarged and illuminated in order to make the skin spots more visible. Skin-related 

conditions are the most prevalent diseases worldwide. Despite being prevalent, its diagnosis is 

exceedingly challenging and necessitates a wealth of expertise in the field. To precisely identify the 

disease, we employ a dual stage methodology that successfully blends Computer Vision on clinically 

assessed histological features. First, several pre-processing techniques are used to the skin disease 

image, and then feature extraction is done.  
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I.INTRODUCTION 

Skin disorders seriously endanger the health of patients, and skin illnesses continue to be a leading cause of 

disability globally. In 2013, the global burden of 306 illnesses and injuries—measured in disability-adjusted life years 

(DALYs)—was made up of 1.79% by skin problems. The prevalence of skin diseases is influenced by both geographic and 

age-related factors, with melanoma being the most prevalent diagnosis in areas with abundant resources like Australia, 

New Zealand, Northern Europe, and North America. Untreated malignant melanoma can be lethal if it spreads to other 

body organs and is a very aggressive cancer. Early melanoma detection usually allows for surgical removal of the entire 

tumour. Deep learning has recently been essential in the early We employ deep convolutional neural networks (CNNs) to 

identify melanoma in this study. Additionally, this article explores the current trend and potential future of mobile 

applications in e-healthcare. For instance, a cross-sectional survey of patients in Botswana who were HIV-positive revealed 

that 91% of them believed that a mobile teledermatology appointment would offer the same level of treatment as a face-to-

face visit. The skin protects the body from heat, injury, infection, and ultraviolet (UV) radiation damage. Additionally, it 

can preserve fat, water, and vitamin D. The skin of a person is made up of various layers. The two major layers of human 

skin are the epidermis and dermis. 

Epidermis: 

Squamous cells, which are flat skin cells, make up this layer, which is the top layer of the human skin. Basal cells 

are the rounded cells that lie beneath squamous cells. Melanocytes, which are situated between basal cells in the epidermis' 

deepest layer, are a type of cell. Melanocytes produce the skin's pigment (colour).The stratum basale, the thickest layer of 

the epidermis, is followed by the stratum spinosum, stratum granulosum, stratum lucidum, and stratum corneum, the 

epidermis' most superficial layer. The epidermis contains three main cell populations: Keratinocytes,  melanocytes 

 and Langerhans cells. 

Dermis: 

The second main layer of skin is dermis which is located below the epidermis. It includes different types of cells 

such as lymph vessels, blood vessels and glands. Some glands help the skin to dry out, some others help to cool the body 

and make sweetening 

Fig 1 A squamous cell, Human skin 
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Dermis, which is situated beneath the epidermis, is the second major layer of skin. It contains a variety of cells, 

including glands, lymphatic veins, and blood vessels. Some glands aid in skin drying, while others assist in cooling the 

body and producing sweetener. The dermis is a fibrous structure made up of collagen, elastic tissue, and other exterior parts 

such as nerve endings, blood vessels, hair follicles, and glands. The dermis helps in thermoregulation, sensibility, and 

support and protection of deeper layers of skin. The skin is made up of three tissue layers:epidermis, the outermost 

layer.The middle layer is the dermis. The bottom, or fatty layer, is the hypodermis. Dermis has five layers: stratum basale. 

Spinosum Stratum.Granulosum stratum.Lucidum Stratum. Cornea Stratum.Nerve endings, sweat and oil glands (sebaceous 

glands), hair follicles, and blood arteries are all found in the dermis. The nerve endings detect pressure, temperature, touch, 

and pain. There are more nerve terminals in some skin folds than others. cancer. 

Employing depth first searches and forward chaining to discover specific skin disorders. Due to the numerous 

symptoms of a single skin illness, it is not possible to use a rule-based method to identify the type of dermatological 

problem. The problem we are attempting to solve is probabilistic in nature, so a system that learns the underlying pattern 

present in the skin disease that can be inferred from the image and the histopathological inputs would perform better in this 

regard. Skin cancer is currently regarded as one of the most dangerous types of cancer that can affect humans. There are 

several different forms of skin cancer, including melanoma, basal, and squamous. Early Melanoma cancer discovery can 

aid in the disease's recovery. Numerous systems now in use have demonstrated the significant role that computer vision 

may play in medical image diagnosis. In this study, we describe an image processing-based computer-aided technique for 

the identification of melanoma skin cancer. The system receives the image of the skin lesion as an input and evaluates it 

using cutting-edge image processing methods to determine whether skin cancer is present. 

The Lesion Image Analysis tools use texture, size, and shape analysis for image segmentation and feature phases 

to check for the numerous Melanoma criteria like asymmetry, border, colour, diameter, (ABCD), etc. The image is divided 

into two categories: Melanoma cancer lesion and Normal skin using the derived feature parameters. Humans have skin, a 

sense of touch whose purpose it is to perceive touch. The skin also has the ability to expel waste products like perspiration. 

This area of the body is particularly delicate, easily injured, and sensitive to touch. Both the epidermis and the dermis make 

up human skin. Skin conditions may be brought on by viruses, allergies, weakened immune systems, or other factors. Skin 

diseases are typically brought on by poor hygiene, viruses, bacteria, allergic reactions, and low bodily resistance. If poor 

hygiene is the only factor contributing to skin disease, it can be avoided by adopting cleaner, healthier habits. Particularly 

in Indonesia, a tropical nation where high levels of humidity can promote the growth of bacteria on the skin. Another issue 

is that not everyone is aware of how to treat or prevent skin problems. The Forward Chaining Method is designed to 

provide information on diagnosis of various skin disorders and generate conclusions for this reason. It is simple for people 

to obtain any information on skin problems thanks to the existence of this expert system application. 

 

II.PROPOSED METHODOLOGY 

Eight different preprocessing techniques were utilised to increase the precision of feature extraction. The 

algorithms utilised were RGB extraction, binary mask, histogram, smooth filter, median filter, sharpening filter, and sobel 

operator. Before the photos are transformed into grayscale versions, the RGB values are retrieved. To make the details of 

the infected area more distinct, a sharpening filter is applied to the grayscale image. The average colour coding of the 

diseased area was extracted from the binary image using YCbCr. The Euler value was used to extract the number of 

components of the skin condition from the image. GLCM (Grey Level Co-occurrence Matrix) and LBP (Local Binary 

Pattern) will be used for categorization. Heuristically, Heuristically, a threshold limit was placed on the Euler value, over 

which was a sign that there were numerous injuries present. This is a crucial identifying trait for illnesses like rosacea, 

psoriasis, moles, acne, and hives. Calculating LBP - Each pixel's LBP code is determined, and the histogram of LBP codes 

is assembled to create the LBP feature. In order to determine the LBP code, the 8 neighbours of the centre pixel for each 

pixel p are compared to the pixel p, and the neighbours x are given a value of 1 if x >= p. 

 

 

 

 

 

 

 

 

 
Fig 2 Block Diagram 

Image Acquisition 

Any image processing system must start with image acquisition. Any image capture generally aims to convert an 

optical image (real-world data) into a variety of numerical data that may then be processed by a computer. Image 

acquisition is made possible by the right cameras. A dataset of skin illness photos is available; choose any image from the 

dataset for classification. 

 

Preprocessing 

A Before being used for model training and inference, pictures must first undergo image preprocessing. This 

includes, but is not limited to, adjustments to the size, orientation, and colour. If the captured image is actually a three-

plane image, two plane conversions are made during pre-processing by transforming the image into a grayscale format. Up 
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to 256 different values will be used. 

 

RGB to GRAY 

Taking the average of the red, green, and blue pixel values for each pixel to obtain the grayscale value is a 

straightforward technique to convert a colour image's 3D array to a grayscale image's 2D array. This creates an 

approximate grey colour by combining the lightness or brightness contributions from each colour band. Create a weighted 

total of the Red, Green, and Blue colour components and assign it to the corresponding location (i, j) in the new matrix to 

convert each RGB pixel at location (i, j) to a grayscale value. 

 
Thresholding 

Taking the average of the red, green, and blue pixel values for each pixel to obtain the grayscale value is a 

straightforward technique to convert a colour image's 3D array to a grayscale image's 2D array. This creates an 

approximate grey colour by combining the lightness or brightness contributions from each colour band. Create a weighted 

total of the Red, Green, and Blue colour components and assign it to the corresponding location (i, j) in the new matrix to 

convert each RGB pixel at location (i, j) to a grayscale value. 

 

Morphological Operation 

Digital images have been processed according to their shapes using a variety of ways to process images known as 

morphological operations. Each image pixel in a morphological procedure corresponds to the value of other pixels in the 

area.The noises in the classified images will be decreased using the morphological technique, and we will get the required 

results. Text will be used to indicate the classified type on the photographs. 

 
GLCM (Gray Level Co-occurrence Matrix) 

The GLCM functions determine how frequently pairs of pixels with particular values and in a particular spatial 

relationship occur in an image, forming a GLCM, and then extracting statistical measures from this matrix to characterise 

the texture of an image.The number of rows and columns in a GLCM matrix equals the number of grey levels (G) in the 

image. You may extract features by using the colour features as well. Contrast, energy, local homogeneity, and correlation 

are properties of spatial grey level dependence matrices (SGDM) that are composite for the hue content of the images as 

given by the following equation. 

 

LBP 

The Local Binary Pattern (LBP) texturing operator labels each pixel in an image by thresholding its immediate 

surroundings and treating the result as a binary number. The original LBP operator assigns decimal values, referred to as 

Local Binary Patterns (LBP) codes, to each pixel of an image, encoding the local structure surrounding each pixel. 

 

SVM 

 A classifier that divides a vector space into two distinct zones is called IT. a method for classifying many classes 

that naturally creates linear decision limits. Support vector machines analyse data used for classification and regression 

analysis. They are supervised learning models with corresponding learning methods.  

 
Advantages  

 Low time and computational complexity in comparison to current methods. 

 high precision for all skin image types 

 

System Process 

Computer-Aided Diagnosis System 

Because it adds a quantitative observation to the "clinical eye observation," automation of skin cancer detection 

can lower the number of clinical diagnoses that are either falsely positive or falsely negative.  Pre-processing, 

segmentation, feature extraction, and classification are the four stages of the typical approach to skin lesion early detection 

on cancer images. Image Acquisition/ Methods for Screening Skin Lesions. A typical clinical diagnosis in melanoma 

detection that is subject to inaccuracy is the visual inspection. Dermatologists can visualise morphological traits that are 

invisible to the unaided eye thanks to a variety of procedures. These include dermoscopy, solar scan, cross-polarization 

epiluminescence (XLM), side transillumination (TLM), epiluminescence microscopy (ELM), and epiluminescence 

microscopy (ELM). 

 

Pre-Processing 

Pre-processing a picture is a crucial part of detection because it improves the original image's quality by removing 

noise. It has to be put into practise in order to restrict the investigation of anomalies in the background that might affect the 

outcome. The major goal of this stage is to increase the melanoma image's quality by removing surplus and unrelated 

background elements before further processing. A wise choice of preprocessing methods can significantly increase the 

system's accuracy. Three stages of the pre-processing process—image enhancement, image restoration, and hair removal—
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can help to accomplish the goal of the pre-processing stage. 

 

Image Enhancement 

Image enhancement is a vital stage in enhancing an image's visual appeal; it is defined as the provider of a "better" 

transform representation for subsequent automated detection procedures. Image enhancement is the technique of drawing 

attention to particular aspects of an image while weakening or eliminating any irrelevant details to suit particular 

requirements. For instance, removing noise, bringing out details that are blurry, and altering levels to draw attention to 

certain aspects of an image. As a result, there are three categories for picture enhancement: 

 

Image Scaling 

Due to the lack of identical and uniform image sizes, image scaling techniques are used. Since multiple sources 

and sizes may provide photographs of skin cancer, the first step is to adjust the images such that their constant width pixels 

but variable height pixels. Either pixel duplication or interpolation are used to zoom in on an image. Scaling is used as a 

low-level preprocessor in multi-stage image processing chains that operate on features of a specific scale, to modify the 

visual appearance of an image, to change the amount of information stored in a scene representation, or both. 

 

Color Space Transformation 

Researchers work to extract the more appropriate colour from photos for further processing since colour 

information is inextricably linked to skin cancer detection systems. The most popular colour spaces are typically RGB, 

HSV, HSI, CIELAB, and CIE-XYZ. RGB is the colour format that is used in image processing the most frequently. Red, 

green, and blue spectral wavelengths are represented by the colour space RGB. Other colour space representations have 

been developed since RGB has some limitations in high level processing. In terms of hue, saturation, and intensity, or, 

more specifically, the average wavelength of the colour, the proportion of white in the colour, and the brightness, HSV and 

HSI colour spaces mimic how people see colour. The CIE-LAB colour space has been suggested as the next colour space 

since it offers uniformity. Another colour space with positive tristimulus values is CIEXYZ, which can yield any colours. It 

would be best to convert the image to greyscale because the goal of skin cancer detection systems' images is to capture the 

high level fluctuations between intensities to detect the margins of lesions. It may be advantageous to convert RGB to LAB 

using XYZ as an intermediary colour space because LAB is one of the useful colour models that represents each colour 

through three components of brightness, red/green and blue/yellow. The identical transformation has been used in this 

thesis. The skin picture would be displayed in greyscale by the brightness. By emphasising the brightness difference 

between the background and foreground, contrast enhancement helps to sharpen the image border and increase accuracy as 

a prelude to further processing. Enhancing the contrast of an image is essential for raising its quality. Linear contrast 

enhancement and Non-Linear contrast enhancement techniques are two categories for the extensively used approaches.  

 

Techniques for linear contrast enhancement:  

Linear Contrast Enhancement Techniques: 

These methods for contrast enhancement use contrast stretching. By remapping or stretching the grey-level values 

so that the histogram is stretched across the entire range, the image can be made more contrasted. 

 

Non- Linear Contrast Enhancement Techniques: 

Most of the time, histogram equalisations and algorithms are used in this kind of contrast enhancement. The 

biggest flaw in such systems is that the many values of the output image are compared to each value in the input image, 

losing the accurate brightness of an object. Non-Linear contrast enhancement methods are frequently employed in medical 

settings. The Histogram Equalisation (HE), Adaptive Histogram Equalisation (AHE), and Un sharp Masking as three well-

known local enhancement approaches are more relevant in such diagnostic since local features of melanoma in skin cancer 

detection systems are more important than global details. Although the HE approach from the list above can also sharpen 

the image, it lessens the surrounding detail. 

 

Image Restoration 

The process of recovering a deteriorated image from a blurry and noisy one is known as image restoration. 

Different methods can be used to recover the damaged photos. Defects in the imaging system, poor focusing, and motion 

can all lead to picture deterioration, which typically results in noisy or blurry images. To choose the best de-noising 

technique, it is crucial to be aware of any noise present in a picture because corrupted images make defect identification 

more difficult. Four groups of picture noises—Gaussian, Salt and Pepper, Poisson, and Speckle—can be distinguished. 

Restoration from Noise 

An important part of an image's pre-processing is picture de-noising. Applying a good de-noising algorithm to 

several noisy image formats is really challenging. The ability to suppress noise while maintaining edges is a key component 

of an effective image de-noising technique. There are several methods now in use to denoise an image. Spatial filtering and 

transform domain filtering are two categories for the fundamental techniques. Spatial filtering techniques include 

neighbourhood and a predefined operation that modifies each pixel's grey value in accordance with the pixel values of a 

square neighbourhood centred at that pixel. Examples of these techniques include Mean filters, Median filters, Wiener 

filters, Lee filters, Anisotropic diffusion filters, Total variation filters, and others. The following is a description of some of 

the more popular spatial filters for noise reduction and image smoothing. 
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Mean filters: 

It could be useful for salt and pepper noise and performs best with Gaussian noise. Despite the fact that this filter 

lessens noise, the image is blurred and has less sharp edges. Mean filtering is a responsive, basic, and straightforward 

technique for decreasing the amount of intensity variance between adjacent pixels in photographs. It is frequently employed 

to lessen image noise. 

 

Arithmetic mean filter: 

The simplest type of mean filter is the arithmetic mean filter. It works well with Gaussian noise and can uniform 

the noise. An arithmetic mean filter operation on an image blurs the image while removing short-tailed noise like uniform 

and Gaussian type noise. The average of all pixels in a limited area of a picture is what's known as the arithmetic mean 

filter. Mean filtering is a responsive, basic, and straightforward technique for decreasing the amount of intensity variance 

between adjacent pixels in photographs. It is frequently employed to lessen image noise. 

 

Geometric mean filter: 

 The geometric mean filter is preferable to the arithmetic mean filter at maintaining the detail information of an 

image.The nonlinear geometric mean method will be used by this function to filter the image. Only monochrome, 8-bit and 

24-bit images can be used with this function. The geometric mean filter is one of a group of nonlinear mean filters that do a 

better job than the arithmetic mean filter at removing noise of the Gaussian type and maintaining edge features. Negative 

outliers are extremely vulnerable to the geometric mean filter. 

 

Harmonic mean filter: 

In contrast to other noise types like Gaussian noise, the harmonic mean filter does not perform well with pepper 

noise. The colour value of each pixel is replaced by the harmonic mean of the colour values of the pixels in the vicinity 

when using the harmonic mean approach. A larger region (filter size) results in a stronger filter effect, but at the expense of 

some blurring, according to the definition of the harmonic mean. 

 

Contraharmonic mean filter: 

Compared to an arithmetic mean filter, it can keep the edge and eliminate noise considerably better. A 

contraharmonic mean filter substitutes the contraharmonic mean of the colour values of the pixels in the immediate vicinity 

for each pixel's colour value. A contraharmonic mean filter diminishes or essentially removes the effects of salt-and-pepper 

noise. The contraharmonic mean with order Q. 

 

Adaptive filters: 

It functions well with constant-power (or "white") additive noise, such as speckle noise. In image processing, 

adaptive filters are frequently used to improve or recover data by reducing noise without dramatically obscuring the image's 

structures. Local noise reduction filter that adapts: It is applicable to random noises. On the degraded image, which 

contains both the original image and noise, an adaptive filter is applied. With a predetermined mxn window region, the 

mean and variance are the two statistical variables on which a local adaptive filter depends. A median filter that adapts It 

can maintain the details while smoothing non-impulse noise, while the conventional median filter cannot. The limitations of 

the conventional median are addressed by the adaptive median filter. The primary benefit of an adaptive median filter is 

that it produces better output because the size of the kernel around a corrupted image is changing. 

 

Order Statistics Filters  

Medianfilter: 
Median filter: This filter is less sensitive to extreme values than the mean filter. As a result, it can eliminate the 

outlier without affecting the image's clarity. It works well as a salt and pepper noise filter. To locate the darkest areas of an 

image, apply the max and min filters. The optimum filter for random distributed noises like speckle noise is the mid-point 

filter. 

 

Gaussian smoothing filter: 

Image smoothing and sharpening can be accomplished with the help of the gaussian smoothing filter. Wavelet 

transforms serve as the foundation for Transform Domain Filtering, the second category of de-noising techniques. Wavelet 

transforms are an extension of the Fourier transform that use wavelets to express a function.As mathematical operations 

that analyse data based on scale or resolution, wavelets are described. In medical applications, particularly in skin cancer 

images, there are various types of transform domain filtering such as VisuShrink, SureShrink, BayesShrink, Neighshrink, 

OracleShrink, Smoothshrink, and LAWML. The most popular filters used by researchers to suppress noises in the pre-

processing stage of detection systems are Median filter, Adaptive Median filter, Mean filter, and Gaussian smoothing filter. 

 

Restoration from Blur 

As was already discussed, blur is a sort of image deterioration that results from the inaccuracy in how an image is 

created. Poor focusing or movement between the original image and the camera are the causes. There are numerous 

deblurring methods, including the Lucy-Richardson algorithm, the inverse filter, the Wiener filter deblurring method, and 

the neural network approach. The Wiener filter has been used in medical applications as one of the most effective and 

popular de-blurring techniques that also removes noise. 
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Removing Thick Hairs 

The majority of restoration filters will smooth out the thin blood vessels and skin lines, however the image may 

still have thick hairs. In automated analysis of tiny skin lesions, thick hairs are thought to be a frequent obstacle that might 

cause the segmentation process to be inaccurate. Researchers used additional techniques, including mathematical 

morphology methods, curvilinear structure recognition, an inpainting-based method approach, automated software called 

Dull Razor and Top Hat transform combined with a bicubic interpolation approach, to eliminate the dense hairs in skin 

cancer photos. The operations are used to acquire the photos devoid of hair. The final photos of the skin cancer detection 

system's pre-processing stage may be distinguished from the original images and are almost ready to be fed into the 

segmentation stage. 

 

Segmentation 

The segmentation of skin cancer pictures has lately been identified as a major research and development concern. 

For the purposes of describing and categorising images, segmentation serves as a crucial component of digital image 

processing. The many characteristics of shape, brightness, colour, and texture can be used to help segment the skin lesion. 

However, numerous algorithms have been put out in recent years for the detection of lesions in skin cancer photos. Celebi 

et al. divided the segmentation techniques into the following categories: (i) Histogram thresholding, which uses one or 

more threshold values to distinguish between the region of interest (ROI) and background. (ii) Region-based techniques 

that use region-splitting and region-merging algorithms to divide the pixels into related regions (iii) Edge-based 

techniques, in which edge operators are used to identify the edges of lesions. (iv) Active-contour approaches, in which 

curve evolution techniques are used to determine how the shape's contours have evolved. (v) Morphological approaches 

identify an object's contours by using the watershed transform to identify its seeds. (vi) Color-clustering techniques use 

unsupervised clustering algorithms to divide the colour space into homogeneous regions. (vii) Soft computing approaches 

are used to categorise the pixels using a variety of soft computing methodologies. (viii) Model-based techniques, in which 

the parameters of the model are set using optimisation techniques and the image is treated as a field of random variables. 

Clustering, a segmentation technique that divides a group of objects into classes with comparable traits, has been 

extensively used in numerous fields, including image processing, machine learning, pattern recognition, data mining, and 

statistics. Clustering algorithms have recently been used extensively in the field of medical imaging. The key challenges in 

these algorithms are the number of clusters, the initial centres of each cluster, and choosing the appropriate parameters. 

Numerous researchers invested time and energy into enhancing these methods for use in skin cancer screening systems.a 

fuzzy c-means-based segmentation approach where the maximums of the histograms are used to estimate the number of 

clusters. K-means has a reputation for being an easy-to-use, quick-to-apply, non-deterministic, unsupervised, iterative 

clustering technique. Due to its ease of use and quick processing time, K-means is the most widely used. Another effective 

and reliable segmentation technique is the level set method, which is adaptable in difficult situations. It is influenced by 

intrinsic and exogenous elements like curvature and intensity. The level set method has been suggested by a number of 

researchers as a potential means of reducing the mutability of complex segmentation tasks in medical applications. They 

highlighted that level set techniques' flexibility leads to lengthy computation times, which will limit their applicability in 

the medical field. The level set approach has been suggested in various other studies to be utilised for purposes other than 

segmentation. 

Active-contour approaches have been successfully used by many studies as a segmentation technique. A brand-

new gradient vector flow algorithm with many directions has been put forth in. With the novel algorithm, they combined 

the adaptive threshold for noise reduction with a diffusion filter. Following that, the multi-direction GVF was used for 

segmentation. The radial search technique has also been used in another study to find borders. model of active contour, 

They use the Courant-Friedreichs-Lewy function as their function in an algorithm that governs the stability of the curves, 

and they automatically set the initial value of the threshold. The successes show that this algorithm performs better than 

previous techniques. 

To enhance their results, some researchers have combined the various segmentation techniques. As an illustration, 

Pagadala offered a segmentation method by combining the successes of three threshold-based algorithms that were applied 

independently on various channels of a skin cancer image. used a fusion process and a mix of three segmentation 

techniques, including dynamic thresholding, global thresholding, and an algorithm that uses the concept of 3-D colour 

clustering. The results demonstrate the algorithm's superior performance in comparison to the other two approaches, which 

produced subpar segmentation results. The global thresholding method's segmentation results were roughly 80%, according 

to the data. In a different study, Melli et al. used the unsupervised clustering element with the supervised classification 

module to segment the lesion from skin. They contrasted the outcomes produced by these techniques. They maintained the 

segmentation number at four in spite of the other colour segmentation techniques. Their findings suggested that median cut 

and adaptive thresholding performed better. Additionally, they combined these methods to assess the outcome. They might 

further their research and get better results. It was accomplished by using the k-mean and level-set algorithms, and the 

results were superior to those of the conventional ones. 

 

Feature Extraction 

They compared the results of mean-shift, k-means, median-cut, and fuzzy c-means clustering algorithms in order 

to find the one that performed the best. They believe the tumour to be in the centroid of the skin and treat the corners like 

skin. If the colours were taken into account as the background in the training procedure, they utilised the corner pixels for 

classifier training and incorporated the clusters that were produced as the background. The outcomes group the picture into 

skin and lesion. They matched their findings to 117 skin scans that represented the real world as judged by dermatologists. 
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They used the mean-shift algorithm and got superior results. Therefore, et al. evaluated six segmentation algorithms: split 

and merge, adaptive thresholding, fuzzy c means, multi-resolution, and median cut. They contrasted the outcomes 

produced by these techniques. They maintained the segmentation number at four in spite of the other colour segmentation 

techniques. Their findings suggested that median cut and adaptive thresholding performed better. Additionally, they 

combined these methods to assess the outcome. They might further their research and get better results. It was 

accomplished by using the k-mean and level-set algorithms, and the results were superior to those of the conventional ones. 

Using image feature extraction, one may identify the dermatological characteristics of melanoma and make a 

diagnosis based on these features. Clinicians rely on melanoma characteristics. To choose the features, it is vital to consider 

the diagnosis approach. For instance, the properties of the ABCD-rule and pattern analysis include asymmetry and 

coloured networks, respectively. Since the information in dermatoscopic images is so complex, it is actually very difficult 

to visually evaluate the aspects of melanoma diagnosis. This is why expert doctors are very necessary. 

The ABCD rule, the ABCD-E criterion, and the Glasgow 7-point checklist are included as the diagnosis 

approaches to identify melanoma lesions in the screening procedure by non-dermatologists. Friedman et al.'s ABCD rule 

has the following four criteria:  

Asymmetry, an uneven border, colour variation, and a 6 mm diameter. The extended form of ABCD, known as 

ABCD-E, includes lesions that change over time. Size, form, colour, inflammation, sensory change, diameter 7 mm, 

crusting or bleeding are the seven criteria that make up the Glasgow 7-point checklist. The ABCD rule, ABCD-E criteria, 

ABC-point list [A(A)BCDE], 7-point checklist, 7 features for melanoma, 3-point checklist, Pattern analysis, and Menzies 

method have been established as diagnosis approaches to identify melanoma lesions via dermoscopic pictures. 

Asymmetry, Border sharpness, Colour variegation, and Differential structures make up the ABCD rule of 

dermoscopy. Border irregularity, Colour variegation, Diameter, Evolving, and Other elements make up the ABCDE. The 

seven criteria on the seven-point checklist are: irregular vascular pattern, blue-whitish veil, irregular pigment network, 

irregular streaks, and irregular dots/globules Regression structures and erratic blotches. Global patterns and local elements 

make up pattern analysis. According to the ABCD rule of dermatoscope, Symmetry has attained the maximum weight. 

According to Stolz et al., only roughly 24.2% of asymmetry in benign images, compared to 96% in melanoma cases, had 

score 2 (both axes represent asymmetry). Numerous studies have looked at the tumor's asymmetry in relation to its 

symmetry axis. 

In these investigations, the principal axis, diameter length, best-fit ellipse, and Fourier transform can all be used to 

locate the axis of symmetry. The two areas produced by the axis are then separated. The roundness, compactness, and 

thinness of the lesion have frequently been viewed as suitable qualities of the skin cancer photos and have also as accurate 

geometry variables. The symmetry distance (SD) has been added to the list of picture measurements in. A method to 

estimate the distribution of skin lesions was presented by Seidenari et al. Their goal was to evaluate how well distribution 

metrics could distinguish between melanoma and healthy cells. The non-homogeneity of the lesion region was discovered, 

and mathematical metrics like mean, variance, and Euclidean distance were calculated. Manousaki et al. suggested using 

the fractal dimension of the lesion's surface to evaluate the distribution irregularity. In order to gauge the sharpness of 

borders, they also computed the standard deviation. An approach to locate convex and curvature maxima in a picture was 

published by Lee et al. The mean and standard deviation are computed in six different colour spaces..Another method 

computes the various statistical aspects of the mean, entropy, energy, and standard deviation as extracted features. These 

features were used to train the neural network, which resulted in an accuracy of 79%. Researchers have used the Gray 

Level Co-occurrence Matrix (GLCM), a prominent technique for extracting picture information, in a variety of contexts. 

On feature extraction of skin cancer, numerous other studies have been published in the literature. 

 
Feature Selection 

Prior to lesion classification, feature selection is carried out as a crucial step. Its goal is to decrease the amount of 

extracted feature descriptors, hence lowering the computational cost of classification. Although removing redundancy may 

have a negative impact on discriminatory power, this decrease is not insignificant. The following can be used to describe 

the feature selection process. First, a search method known as subset generation is carried out to produce a variety of 

feature subset candidates. To evaluate the subset candidates, an evaluation criterion is taken into account. In a case of 

preference, this is contrasted and replaced with the estimated performance of the previous best subgroup. Thus until the 

stopping requirement is satisfied, this process is repeated. The best picked subset is validated and verified in the final stage. 

Various research methodologies have been used to develop the feature selection process. Maglogiannis and Douka 

published a review on feature descriptors in 2009 that was incredibly helpful. Principal component analysis was used by 

Walvick et al. to select the best subset from the collection of eleven features. Sequential forward selection (SFS) was used 

by Ro et al. to reduce the set of 87 features to 5.  

The vector of 34 features in has been reduced to five using a statistical feature selection algorithm. 

Another study used the neural network and node pruning to reduce the amount of features and improve the answer. By 

using statistical techniques, Ganster et al. optimized the amount of characteristics. This involved considering the 

techniques Sequential Floating Backward Selection (SFBS), Leave One Out (LOO), and Sequential Floating Forward 

Selection (SFFS). In feature selection issues, Particle Swarm Optimization (PSO) is widely used to choose the best feature 

subset from a vast pool of potential candidates. Another kind of Particle Swarm Optimization (BPSO) treats particles as 

points in a binary multidimensional space.This kind of PSO is frequently used in feature selection as well.In, the authors 

demonstrated a feature subset selection technique using PSO and a fuzzy evaluation function. For selecting feature subsets, 

an artificial neural network-based PSO algorithm has been devised. In their work on sleep apnea, Yashar et al. proposed a 

Particle Swarm Optimization - Support Vector Machines (PSO-SVM) feature selection approach. They may successfully 
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cut down on the number of features and choose the most appropriate subset for their needs. PSO can do convergence more 

quickly and is less expensive computationally than other methods. PSO is therefore a useful strategy in many areas, 

including feature selection. 

 

Classification 

Estimating the tumor's malignancy or benignity is the final stage in computer-aided analysis, known as lesion 

classification. The current systems use several classification approaches to feature descriptors that were retrieved earlier in 

order to carry out the classification operation. These techniques' effectiveness is dependent on both the chosen classifier 

and the extracted descriptors. Discriminant analysis, artificial neural networks, K-nearest neighbors, support vector 

machines, decision trees, and self-advising SVM are just a few examples of the various classifiers that are available. 

Discriminant analysis has been used as a classifier in many studies to create predetermined classes from a set of data. It 

operates based on the results of predetermined measurements, or predictors. Artificial neural networks (ANN) have also 

been used as a tool. In order to find patterns in the data, this method connects the inputs and outputs. It is frequently used in 

classification issues. Another method, k-nearest-neighborhood (K-NN), has been taken into consideration for categorizing 

lesions as benign or malignant. This classifier uses distance measurements like Euclidean distance to classify objects based 

on how closely they resemble the training set and evaluate the data distribution.SVM shown its potent capacity to resolve 

nonlinear classification issues in numerous applications, even at high dimensionality. 

 Additionally, SVMs prevent over fitting by choosing one hyperplane from a variety that can divide the data in 

feature space. SVM has been a well-liked method for categorizing melanoma skin cancer. In some other studies, decision 

trees create a categorization schema by dividing the data set into various groups based on how disparate it is.  

 In order to compare the various classification methods used in skin cancer detection systems, Dreiseitl et al. used 

artificial neural networks, k-nearest neighbor algorithms, support vector machines, logistic regression, and decision trees. 

The outcomes met the objectives of logistic regression, ANN, and SVM. In their study, Maglogiannis and Doukas used and 

compared the effectiveness of SVM, multinomial logistic regression, ANN, CART, and Bayes networks to categorize skin 

lesions. The results of their experiments highlighted SVM's superiority over Bayes networks and regression. Self- Advising 

Support Vector Machine (SA-SVM), a new SVM method created by Yashar et al., has been used as a classifier in the field 

of sleep apnea. The experimental findings indicate that SVM performs better. 

 

III.SYSTEM SPECIFICATION 

Hardware Specification 

 PROCESSOR      : Intel/Pentium 

 OS   : Windows 10 

 RAM                    : 4GB 

 SYSTEM TYPE  : 64-bit 

 

Software Specification 

 TOOL         : MATLAB 2014a 

 TOOL BOX  : Image Processing Tool Box 

     

IV.RESULT & DISCUSSION 

Performance Metrics 

Sensitivity = TP/ (FN+TP) 

Specificity = TN/(TN+FP) 

Accuracy 
= TN + TP/ (FN + FP + TN + TP) 

 

Comparison 
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Output 

Fig.4 Output image of Melanoma Detection 

 

 
Fig 5 Output image for Non-Melanoma Detection 

Result 

 

LBP achieves more accuracy when compared with KNN and DTC 

 

Fig 6 Bar Diagram 

 

V. CONCLUSION 

Numerous image processing and analysis technologies have been put out to aid dermatologists in their diagnosis. 

The study we did for this paper involved using a variety of features that may be used to describe the lesion, including its 

skeleton, shape, texture, and color. The features that were chosen using the info gain serve as the input for the machine 

learning classifier. The Adaboost classifier received the highest ranking. The development of a technology for melanoma 

skin cancer detection. Initially, a variety of pre-processing and segmentation techniques were utilized to improve the 

imageand isolate the region of interest. 

 

VI.FUTURE SCOPE 

The HSV and YCbCr color spaces were used to extract a number of attributes. Three different classifier types have 

their feature performance evaluated: The method more accurately recognizes the benign situations since its specificity is 
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higher than its sensitivity. The technology has a higher level of overall accuracy than earlier methods. Additional 

characteristics that are compatible with the features retrieved from the HSV and YCbCr color spaces can be utilized to 

boost sensitivity, such as border features, form features, and texture features. This will assist in increasing the system's 

accuracy. 
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