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The most dreadful disease in the world is skin cancer. Australia is sometimes regarded
as the nation most severely impacted by melanoma due to its high melanoma incidence
rates. Though it is very rare in India, its incidence has been gradually increasing in recent
years. While melanoma is relatively less common compared to other types of skin cancers
in India, it is important to recognize that the disease can still occur. Due to melanoma’s
rapid development, early detection is vital for effective treatment and a greater chance of
survival. By exploring melanoma detection, researchers desire to minimize the strain on
healthcare systems along with the emotional toll it takes on individuals and their families.
Early identification may significantly boost the probability of successful intervention, po-
tentially saving people from invasive therapies and lengthy surgeries. The state of the art
for melanoma detection using machine learning algorithms is presented in detail in this sur-
vey study. This study includes melanoma detection algorithms, data gathering techniques,
pre-processing methods, feature extraction strategies, and classification systems. The ar-
chitecture and criteria used to assess the performance of classification algorithms, includ-
ing support vector machines, K-nearest neighbor, and Convolutional Neural Networks are
covered. Moreover, this survey paper examines the limitations and open challenges in the
field, such as time complexity, dataset biases, and generalizability of models. We conclude
by identifying promising directions for future research, including addressing the class im-
balance and enhancing the interpretability of machine learning models.
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1 Introduction

The environment and people's lifestyles have changed significantly in recent years and have undergone
transformations, leading to the emergence of a multitude of novel diseases. Skin illnesses are brought
on by direct exposure to UV radiation and global warming. A kind of cancer called melanoma develops
when the skin cells are harmed by UV radiation, genetics, or other factors. It is the most prevalent kind
of cancer in the world and is fatal if not caught and treated in its early stages. Millions of individuals
worldwide suffer from skin illnesses, which are a significant cause of concern for their health. The skin,
the biggest organ in the human body, serves as a protective barrier between the internal organs and the
outside world. Skin illnesses can range in severity from less serious problems like eczema and acne to
more serious ones like skin cancer. Skin conditions can have a negative influence on a person's quality
of life by causing both physical discomfort and social shame.

The pigment-producing cells called melanocytes are the source of the skin cancer called melanoma.
Melanoma, the deadliest form of skin cancer, if not detected and treated in a timely manner, may
quickly spread to other parts of the body. Melanoma can also be carried on by hereditary causes, while
it is frequently brought on by exposure to UV rays from the sun or tanning salons. It may appear with a
wide range of signs and symptoms, but most frequently involves alterations to an existing mole or the
emergence of a new growth on the skin. Asymmetrical form, uneven borders, numerous colors, and a
diameter greater than a pencil's diameter are typical melanoma symptoms. Itching, bleeding, or
changes in behavior are some more warning symptoms. The pressing need to tackle the rising incidence
of this dangerous skin condition and its implications stems from the desire to discover and recognize
melanoma. Traditional melanoma diagnosis is largely based on visual inspection by dermatologists,
which is subjective and subject to human error. To overcome these limitations, researchers have used
machine learning algorithms for automated melanoma detection.

Machine learning, a subfield of artificial intelligence, uses algorithms that learn patterns and make
predictions based on data. Machine learning algorithms have shown promising results in detecting
melanoma by training models on large datasets of skin images. This approach provides an opportunity
to complement and assist dermatologists in the diagnostic decision-making process.

2 Literature Review

In the research [1], the researchers paired the ensemble technique with transfer learning and hybrid
classification to achieve high accuracy of 91% and lower error values. An auto-color correlogram filter, a
binary pattern pyramid filter, a color layout filter, and correlated machine learning algorithms were all
used in the methodology. It delivered high performance in addition to being an excellent choice. In
terms of feature extraction and feature classification, WEKA Software has been utilized for presenting
the results of feature calculations and measurements. The technology applied includes feature
extraction and ensemble learning (using the SIIC ISIC dataset), as well as hybrid classification. The
primary discoveries of this study are ensemble classifiers that use several filters to obtain the best
answer. When compared to contemporary techniques, the drawbacks include time complexity.

The algorithm utilized is Deep Convolutional Neural Networks, which finds relationships by extracting
traits such as in [2]. The designs that were employed in this research are reviewed below: GoogleNet,
VGG19, Xception, ResNet50V2, MobileNetV2, and DenseNet201 and other techniques. They proposed
a hybrid strategy to enhance accuracy and utilize Google Net to boost the model's performance.
Significant findings involve Googlenet producing the best classification, and applying a variety of CNN
architectures; results may improve with a bigger dataset. presenting a hybrid method to improve
accuracy, including diverse data augmentation tactics to optimize prediction performance, and boost
Googlenet performance.
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As per [3] They put forth two distinct strategies: the first one includes level one stacking and machine
learning models, and the second one involves deep learning models and ensembling. We used the
scaled-down ISIC 2018 challenge dataset for both approaches. The training set and test set have
previously been included in the dataset's two equally sized classes. ML models are utilized first,
followed by assembly, and by level one stacking. The null and alternative hypotheses were tested using
the paired t-test. As was previously stated, and then P values less than 0.05 were used for determining
statistical significance. In order to assess the performance of the models at different threshold values,
AUC-ROC curves were generated. They came to an understanding that deep learning-based techniques
were more successful and popular. The top-ranked ensemble model achieves remarkable accuracy
(92.0%) and demonstrates a high AUC score of 0.97 in accurately and consistently identifying
melanoma. The obstacles include the lack of a big balanced public dataset and images with occlusions.
The future scope would be integrating ML and DL approaches to verify classifier efficiency. Accuracy
may be increased by having a superior data purification procedure that eliminates image occlusions
and an extensive balanced dataset.

In the paper [4], A digital hair removal technique was introduced, utilizing morphological filtering
techniques such as Black-Hat transformation. Additionally, Gaussian filtering was applied to the
images to remove blurring or noise. They also segment out the affected lesions using an automated
Grabcut segmentation method. They used statistical features and the Grey Level Co-occurrence Matrix
(GLCM) approaches to reveal underlying input features from the skin images. To extract the features,
they used KNN, SVM, and other approaches. By using SVM and KNN, respectively, they obtained an
accuracy of 97% and 95%. They also included that their model performs better under balanced data
with an average accuracy of 95%. Its disadvantages include the use of an artificial segmentation
technique, which occasionally fails to detect skin lesions accurately, resulting in misclassification;
employing ensemble learning will enhance performance.

According to [5], the most popular algorithm for figuring out the root of skin diseases is the Support
Vector Machine (SVM) technique. The provided image was converted into the BGR-Grey and BGR-
HSV formats so that the computer could understand and be able to decode binary codes. They focused
mainly on asymmetry behavior, color, and border irregularity as well as other melanoma
characteristics. The accuracy, specificity, and sensitivity of the SVM approach were 96.9%, 90.2%, and
95.7% accordingly.

The following paper [6] explains the approaches they utilized. Utilizing ANN, CNN, and SVM, an
accuracy of 93.3% was attained. It was done by using the Keras Sequential API, which constructs layers
one at a time, commencing with the input layer. There are 32 filters available in this scenario.
According to the size of the kernel, each filter applies the kernel filter to a different area of the picture.
The filter maps are photos that have been manipulated. Following the filter maps, the pooling layer
plays a critical role as a down sampling filter. The Max pooling technique was employed, where
MaxPool () function selects the maximum value from a set of two neighbouring pixels. The accuracy
gained in several studies using Artificial Neural Network is 80%. The paper's primary discovery was
that ANNs demand computers with parallel processing capabilities. Although ANN offers a probing
answer, it does not explain why or how it occurs, which undermines faith in the network.

In the proposed work [7], they utilized the Python environment as well as Google Colab GPU platform
for their research. With this dataset, five-fold cross-validation is utilized to validate the suggested
model. They made use of the ADAM optimizer to generate the proposed framework for training. The
model as a whole surpasses the two pretrain models, GoogleNet by 1.76% and MobileNet by 1.12%,
exhibiting a precision level of 95.98%. This dataset was used for verifying the proposed model via five-
fold cross-validation. By reducing computing complexity, a light architecture may be created in the
future without affecting the accuracy of skin cancer detection.
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In their proposed approach [8] one of the most important factors for appropriate therapy is detecting
skin cancer in its early stages. It is difficult to identify cancer in its early stages before a tumor or
structural alteration appears. They highlight the limitations of traditional methods like biopsy, which
require visible structural changes and can be invasive. Leveraging machine learning algorithms and
datasets, the authors have developed a model that serves as an assistance tool for doctors to recognize
skin cancer at its earliest stage. Their methodology makes it possible for clinicians to identify problems
early on. They developed a mobile (Android/iOS) or web-based deep learning framework for future
work, where we can upload our image and check the output, which is more reliable, fast, and
inexpensive than the present system. Their model utilizes the deep learning frameworks Keras and
TensorFlow, providing a reliable and efficient system for skin cancer detection. This framework would
allow users to upload images for analysis, offering a more accessible, cost-effective, and reliable
alternative to existing systems.

The authors [9] conducted study research focused on utilizing a Model Driven Architecture in Deep
Learning Studio for skin cancer detection. The paper introduced DLS and explained the process of
constructing a deep learning model using this tool. The researchers used dermal cell images for data
preparation and tested the application of the DLS model in detecting cancer cells. Remarkably, the DLS
models achieved an impressive 99.77% Area Under Curve in detecting cancer cells from the images.
The paper also highlighted the provision to download the trained model and develop enterprise-level
applications as a promising avenue for future research. Overall, the study successfully achieved the set
objectives outlined in the introductory section.

3 Algorithms

3.1 Convolution Neural Networks (CNN)

CNNs, or convolutional neural networks, are deep learning algorithms created for the processing of
visual input. Layers that learn and extract characteristics from photos make up these systems.
Convolutional layers, which systematically apply filters over input images to capture multiple levels of
visual information, are at the core of CNNs. CNNs may learn to recognize detailed patterns such as
uneven borders, asymmetric forms, color shifts, and particular texture characteristics
indicating melanoma. They can now carry out operations like object detection and picture
categorization. CNNs are very good at learning intricate representations straight from pixel input,
which makes them very useful for jobs requiring visual identification.

Furthermore, the pooling layers of CNNs down-sample the data progressively, keeping critical
properties while lowering computing complexity. This skill is essential when working with high-
resolution medical images. The acquired attributes are then flattened and sent into fully linked layers of
the network, where the network synthesizes the data to generate a final diagnostic judgement.

3.2 Support Vector Machines (SVM)

SVMs are effective machine learning technique for regression and classification. SVMs identify the best
hyperplane for separating data points from various classes as much as possible. SVMs may be trained
on a dataset of numerous attributes obtained from healthcare images to recognize melanoma. Color
shifts, textural characteristics, asymmetry measurements, and border anomalies are all signs of
melanoma. The SVM then finds the hyperplane with the greatest difference between the two classes
and the least number of misclassifications.

The kernel trick of SVMs allows them to map data into higher-dimensional spaces, allowing them to

separate complicated, nonlinear patterns. This is essential for capturing nuanced visual cues that may
be missed in lower-dimensional settings. SVMs can capture the subtle correlations between image
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elements that indicate malignancy in the context of melanoma. In order to facilitate the differentiation
between non-linear data, the researchers employed a kernel function to transform the input data into a
feature space with a higher dimension. Furthermore, the ability of SVMs to handle tiny datasets is
useful in clinical applications where getting large labeled datasets might be difficult. SVMs reduce
overfitting and generalize well even with sparse data, making them useful for melanoma diagnosis in
situations when varied and well-curated datasets are limited. The flexibility of SVMs allows them to
handle both linear and nonlinear decision boundaries. When working with high-dimensional data, they
are especially useful.

3.3 GoogleNet

Google's InceptionNet, often known as GoogleNet, is a sophisticated CNN architecture. GoogleNet
features a unique "Inception” module that incorporates many filters of various dimensions within a
single layer. This enables the network to record elements of multiple sizes at the same time, enabling it
to identify both microscopic details and larger trends in images. This ability is critical in the context of
melanoma diagnosis since it may identify minute anomalies in lesion borders, color changes, and
texture patterns.

Furthermore, auxiliary classifiers are utilized at intermediate levels in GoogleNet's design. These
supplementary classifiers encourage the training of prior layers, alleviating the vanishing gradient issue
and accelerating convergence. This is critical for melanoma identification since the network can learn
from medical pictures with complex characteristics and nuances in an effective manner. The
architecture delivers good accuracy on a variety of picture classification applications and is optimized
for computing efficiency. GoogleNet is renowned for its capacity to recognize a wide variety of intricate
patterns in photos.

3.4 K-means algorithm

An unsupervised machine learning method for cluster analysis is the K-means algorithm. By reducing
within-cluster variance, it seeks to divide a dataset into K clusters. The technique begins by initializing
K cluster centroids at random. In the clustering process, each data point is iteratively assigned to the
centroid that is closest to it, and the centroids are updated by calculating their means. This process is
repeated until convergence is achieved. As a result, K clusters are formed, where each data point is
assigned to the cluster with the nearest centroid. Although K-means is straightforward, scalable, and
effective, it can be delicate to initial centroid selection and is susceptible to being stuck in local optima.
It is extensively utilized in many different applications, including anomaly detection, customer
segmentation, and picture segmentation.

4 Methodology

The proposed methodology consists of algorithms used to detect melanocytes using machine learning
techniques. The system will enable the model to collect images from the database with features like
moles, boundaries, and dark patches. The following diagram Fig 1. represents the overview of the
proposed methodology in Image analysis.
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Figure 1. Approach of Image Analysis

4.1 Data Collection

The primary goal is to build a large dataset that can be used to train and develop accurate detection
methods. Medical professionals determine regions of interest in the collected photos, such as lesions,
boundaries, and particular traits associated with melanoma, to increase the dataset's reliability. Images
may be collected in addition to other relevant data, such as patient demographics, medical histories,
risk factors, and histopathology reports. This additional data contributes to the correlation of visual
characteristics with clinical outcomes and the development of more accurate examination models.

4.2 Data Pre-processing

There are various phases involved in data pre-processing for melanoma skin disease detection. To
ensure consistent formats and pixel values, the collected skin images are first pre-processed by resizing,
normalizing, and standardizing them. To improve the diversity of the dataset, the images can be
modified using techniques like rotation, flipping, and cropping. The photos' annotations and
information are also analysed and encoded for use by machine learning techniques. Ultimately, the
dataset can be split into training, validation, and testing to accurately assess the performance of the
model. Data pre-processing is essential for improving the quality and usefulness of dataset in creating
precise melanoma detection models.

4.3 Data Classification

Machine learning algorithms are utilized for categorizing skin photos into groups, such as melanoma
and non-melanoma, to detect skin conditions like melanoma. The trained models analyze the physical
features of the skin lesions and predict results using known patterns and features. The pre-processed
data are fed into the model during the classification phase, and the model then gives each class a
probability or confidence value.

Dermatologists may be able to identify possible melanoma cases using the model's output, enabling
early identification and intervention. Through repeated training and validation methods, the
classification models' accuracy is continuously boosted, leading to reliable and effective skin disease
diagnosis.
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4.4 Object detection

Using object detection, it is simple to identify and localize melanoma lesions in photographs of the skin.
Object detection techniques, which are often employed to identify and define problematic areas in skin
scans, enable the automated recognition and delineation of melanoma regions. These algorithms
analyze the image data and generate bounding boxes or segmentation masks around any melanoma
lesions, providing precise spatial data for further analysis and classification. In melanoma detection
studies, object recognition methods including single-shot detection (SSD) frameworks like YOLO (You
Only Look Once) and region-based convolutional neural networks (RCNN) are frequently used.

4.5 Edge detection

Edge detection identifies and highlights the border or edges of skin lesions, including those caused by
skin diseases like melanoma. It detects abrupt shifts in colour or brightness in an image. Relevant
features of melanoma lesions, such as asymmetry or uneven boundaries, can be retrieved by looking for
edges. Examining gradients and intensity variations in the image by common edge detection
techniques reveals significant changes and enables additional segmentation or analysis of the lesions,
thereby helping in the detection and diagnosis of melanoma.

4.6 Feature extraction

A crucial aspect of melanoma skin disease detection is feature extraction. Fig 2. envisions every detail
to distinguish between melanoma and non-melanoma lesions, skin imaging data must be collected of
relevant and discriminative elements. Several approaches can be used, including wavelet transforms,
shape descriptors, color histograms, and texture analysis. These methods capture crucial traits in
melanoma lesions, such as irregularity, color variation, asymmetry, and textural patterns. Machine
learning algorithms use extracted data as input to precisely categorize and identify melanoma. The
selection of pertinent and instructive features significantly enhances the effectiveness and
dependability of melanoma detection models.

Feature Extraction

¥ Y ¥ hJ
Wavelet Shape
Transforms Descriptors

Color Histograms | | Texture Analysis

Figure 2. Feature extraction

4.7 Image Segmentation

To detect skin cancers like melanoma, image segmentation is necessary. We use this to effectively
recognize and analyze distinct lesions, which involves dividing a skin image into meaningful and
distinct sections. Image segmentation aids in separating and defining the boundaries of melanoma
lesions from the surrounding healthy skin in the context of melanoma. For accurate and precise
segmentation, methods like thresholding, region-based approaches, and sophisticated deep learning-
based methods like U-Net or Mask R-CNN can be applied. Further analysis, feature extraction, and
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classification of melanoma lesions can be carried out by segmenting them, assisting in the early
detection and precise diagnosis of melanoma.

5 Results

This study illustrates previous research work as well as any applied methods that we may add into our
model in the future. This study also shows that researchers and healthcare professionals have made
substantial strides toward enhancing the precision and effectiveness of melanoma diagnosis by
thoroughly exploring deep learning algorithms and other innovative techniques. By adopting these
algorithms, one may readily identify melanoma in a person, reducing the need for traditional
procedures and producing exact findings utilizing new technology. The machine learning-based
algorithms for melanoma detection present a feasible strategy to promote early detection and improve
diagnostic accuracy. The majority of research and model development is done using deep learning
algorithms, namely CNN, which aid in visual analysis and efficiently training the model. Modern
feature extraction, feature analysis, and classification models are used to create efficient technologies
that aid clinicians in identifying potential melanoma patients. Machine learning is continually evolving,
so even if there are still problems with dataset quality and the interpretability of model findings, this
has the potential to change the diagnosis of melanoma and eventually save lives completely. To acquire
reliable results from the model, one can utilize KNN, SVM, or other machine learning techniques. We
intend to create a model that will give long-term results and apply it with our own spin to contribute in
the healthcare domain.
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