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Abstract: In cancer, there are over 200 different forms. Out of 200, melanoma is the deadliestform of skin cancer.
The diagnostic procedure for melanoma starts with clinical screening, followed by dermoscopic analysis and
histopathological examination. Melanoma skin cancer is highly curable if it gets identified at the early stages.
Thefirst step of Melanoma skin cancer diagnosis is to conduct a visual examination of the skin's affected area.
Dermatologists take the dermatoscopic images of the skinlesions by the high-speed camera, which have an
accuracy of 65-80% in the melanoma diagnosis without any additional technical support. With further visual
examination by cancer treatment specialists and dermatoscopic images, the overallprediction rate of melanoma
diagnosis raised to 75-84% accuracy. The project aimsto build an automated classification system based on image
processing techniques to classify skin cancer using skin lesions images.
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Introduction

1. Among all the skin cancer type, melanoma is the least common skin cancer, but itis responsible for 75%
of death SIIM-1SIC Melanoma Classification, 2020. Being a lesscommon skin cancer type but is spread very
quickly to other body parts if not diagnosed early. The International Skin Imaging Collaboration (ISIC) is
facilitatingskin images to reduce melanoma mortality. Melanoma can be cured if diagnosed and treated in the
early stages. Digital skin lesion images can be used to make a teledermatology automated diagnosis system that
can support clinical decision.

2. Currently, deep learning has revolutionised the future as it can solve complex problems. The motivation
is to develop a solution that can help dermatologists better support their diagnostic accuracy by ensembling
contextual images and patient-level information, reducing the variance of predictions from the model.tr

Motivation

The overarching goal is to support the efforts to reduce the death caused by skin cancer. The primary motivation
that drives the project is to use the advanced image classification technology for the well-being of the people.
Computer vision has made good progress in machine learning and deep learningthat are scalable across domains.
With the help of this project, we want to reduce the gap between diagnosing and treatment. Successful completion
of the project with higher precision on the dataset could better support the dermatological clinic work. The
improved accuracy and efficiency of the modelcan aid to detect melanoma in the early stages and can help to
reduce unnecessary biopsies

Application

We aim to make it accessible for everyone and leverage the existing model and improve the current system. To
make it accessible to the public, we buildan easy-to-use website. The user or dermatologist can upload the patient
demographic information with the skin lesion image. With the image and patient demographic as input, the model
will analyse the data and return theresults within a split second. Keeping the broader demographic of people in
the vision, we have also tried to develop the basic infographic page, which provides a generalised overview about
melanoma and steps to use the online tool to get the results.

Figure 1. According to Reference [4], a number of different types of skin cancer are widespread.
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A magnifying lens and light in dermatology are used to see medical patterns better such as hues, veils,
pigmented nets, globs, and ramifications [7,8].. Visually impaired people can see the morphological structures
that are otherwise hidden. These include the ABCD (Asymmetrical form, Border anomaly, Color discrepancy,
Diameter, and Evolution) [9], 7-point checklist [10], and pattern analysis [11]. Non-professional dermoscopic
images have a predictive value of 75% to 80% for Melanoma, but the interpretation takes time and is highly
subjective, depending on the experience of the dermatologist [12]. Computer-Aided Diagnosis (CAD)
approaches have made it easier to overcome these difficulties [8,12]. CAD of malignancies made a giant leap
forward thanks to Deep Learning (DL)-based Artificial Intelligence (Al) [13,14]. In rural areas, dermatologists
and labs are in poor supply; therefore, using DL approaches to classify skin lesions could help automate skin
cancer screening and early detection [15,16]. To classify images in the past, dermoscopic images strongly
depended on the extraction of handcrafted characteristics [17,18]. Throughout these promising scientific
advances, the actual deployment of DCNN-based dermoscopic pictures has yielded amazing results. Still, future
development of diagnosis accuracy is hampered by various obstacles, such as inadequate training data and
imbalanced datasets, especially for rare and comparable lesion types. Regardless of the restrictions of the dataset,
it is vital to maximize the performance of DCNNSs for the correct Classification of skin lesions [14,19].
Models such as CNN, and modified Resnet50, are used in this research. We found that the invented CNN model
beats existing DCNNs in classification accuracy while testing their performance on the HAM10000 dataset.
To select the best network for diverse medicalimaging datasets, it may be necessary to conduct multiple
experiments. Accordingly, thepaper’s primary contributions can be summarized in this way:

We used an enhanced generative adversarial network with super-high resolution (ESRGAN) with 10,000
training photos to produce high-quality images for the Human Against Machine dataset (HAM210000 dataset
[20]) to enhance the visibility of the images. ERSGAN improves the accuracy of Classification.
Segmentation is performed for each image in the dataset to specify ROI to facilitatethe learning process.
We used Augmentation to ensure that the HAM10000 dataset had an even distributionof data.

The feasibility of the suggested system is determined by a thorough comparative eval- uation using numerous
assessment measurements, such as accuracy, recall, precision, confusion matrix, top 1 accuracy, top 2 accuracy,
and the F-score.

Pre-trained networks’ weights are fine-tuned with the help of the HAM10000 dataset and a modified version of
Resnet-50.

The recommended technique’s overall effectiveness has been enhanced due to this change. Overfitting is
prevented by using an alternative training process supported by applying various training strategies (e.g., batch
size, learning rate, validation patience, and data augmentation).

This study provides an optimization strategy incorporating a CNN model a transfer learning model for
detecting multiple skin lesions. Additionally, we utilized a revised form of Resnet-50 to train the weights of
each Model before using it. Comparing the models’ output using images of skin lesions from the HAM10000
dataset is necessary. The dataset has a class imbalance, necessitating an oversampling approach. The paper
will proceed in accordance with this arrangement. Section 2 describes the relevant research work; after that,
Section 3 illustrates the dataset and the proposed approach. The following Section 4 provides and analyzes
the outcomes of the suggested technique described in Section 3; this study concludes with Section 5.

Related Work

The development of a CAD procedure for skin cancer has been the basis of several investigations [21,22].
CAD systems have followed the standard medical image analysis pipeline using classical machine learning
approaches for skin lesion image processing [21]. In this pipeline, image preparation, fragmentation, extraction
of features, and classifications have all been tried numerous times with little success. In skin cancer research,
image processing, machine learning, CNN, and DL have all been used [23] in the past. Traditionalimage
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identification algorithms necessitate feature estimate and extraction, whereas deep learning can automatically
exploit the images’ deep nonlinear relationships [24,25]. CNN was the first DL model employed for skin
lesion image processing. Some of the most recent deep learning studies are summarized in the following lines.
For instance, Haenssle et al. [26] analyzed a Google Inception V4 deep learning model against 58
dermatologists’ diagnoses. The data collection includes one hundred patients’ images (dermoscopic and
digitalized) and medical records. Additional research presented by Albahar [24] generated an improved DL
model for detecting malignant Melanoma. Model results were compared to dermatologist diagnoses from 12
German hospitals, where 145 dermatologists used the Model to arrive at their conclusions. Li et al. [27]
reviewed CNN deep learning models with 99.5 percent of the time; residual learning and separable
convolution are the greatest methods for constructing the most accurate Model. This level of precision,
however, was only possible since the problem was binary in nature.

For automated Diagnosis, Pacheco et al. [25] developed a smartphone app that usedimages of skin lesions
and clinical data to identify them. The study looked at the skin lesions of 1641 persons with six types of cancer.
An experimental three-layer convolutional neural network, GoogleNet, ResNet, VGGNet, and MobileNet,
was compared by researchers. Initially, images of lesions taken with smartphones were used as teaching
aids, but later,images of both sorts of lesions were included (clinical descriptions and images of skin
lesions). The original Model’s accuracy was 0.69 percent, but clinical data increased that to 0.764 percent. To
improve upon Pacheco’s findings, a new study was proposed. Based on dermal cell images, a model-driven
framework for melanoma diagnosis was created by Kadampur and Riyaee [27]. With the help of the
HAMZ10000 dataset, several deep-learning models attained an area under the curve (AUC) of 0.99. To categorize
malignant and benign skin lesions, two CNN models were employed by Jinnai et al. [28]. Results of the
Model were compared to dermatologists’ diagnoses and found to have a superior classification accuracy
than dermatologists, according to the results.

Furthermore, Prassanna et al. [29] proposed a deep learning-based system for high- level skin lesion
segmentation and malignancy detection by building a neural network. It accurately recognizes the edge of
a significant lesion and designs a mobile phone model using deep neural network transfer learning and fine-
tuning to improve prediction accuracy. Another approach presented by Panja et al. [30] classifies skin cancer as
melanoma or benign;feature extraction was used to retrieve damaged skin cell features using a CNN model

after segmenting skin images. In [31], researchers classify ISIC 2019 Dataset photos intoeight classes.
ResNet-50 was used to train the Model by evaluating initial parameter values and altering them using transfer
training. Images outside these eight classifications are classified as unknown.

Skin cancer detection relied heavily on the transfer learning idea. According to Kassem et al. [32], a study
utilizing the GoogleNet pre-trained model for eight categoriesof skin cancer lesions produced an accuracy of
0.949. This time, a dermatoscope, a medical device used to examine skin lesions, was used to test the proposed
YOLOvV2-SquuezeNet’s segmentation and drawback performance. Using the equipment considerably
improved the capacity to make an early diagnosis. Table 1 shows that several deep-learning models have been
implemented to categorize skin cancer in current history.

O Dataset

The project dataset is openly available on Kaggle (SIIM-1SIC Melanoma Classification, 2020). It consists of
around forty-four thousand images from thesame patient sampled over different weeks and stages. The dataset
consists of images in various file format. The raw images are in DICOM (Digital Imagingand COmmunications
in Medicine), containing patient metadata and skin lesion images. DICOM is a commonly used file format in
medical imaging. Additionally, the dataset also includes images in TFRECORDS (TensorFlow Records) and
JPEG format.
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Furthermore, thirty-three thousand are in training set among the forty-four thousand images and around eleven
thousand in the test set. However, our quick analysis found a significant class imbalance in the training dataset.
Thirty-two thousand are labelled as benign (Not Cancerous) and only five hundred marked as malignant
(Cancerous). That is, the training set contains only +1.76% of malignant images (Figure 1). Along with the
patient's images, the dataset also has a CSV file containing a detail about patient-level contextual information,
which includes patient id, gender, patient age, location of benign/malignant site, and indicator of malignancy for
the imagedlesion.
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Figure 1: Class imbalance
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O Overview of the Architecture

The project contains two flow diagrams.

he web Ul contains five pages, of which four of them are used to explain the project andhow to use the proposed
CAD system (Figure 3). The inference page named ""Our Solution™ is where the inference is made on the skin
lesion images. All the validation is performed on the client-side to reduce the server overload. If the inserted
information is not correct, then an error notification popup is shown; any user can easily understand that.Validated
data is passed onto the server, where inference is performed by Onnx network, and response is return in the JSON

format.

Data Cleaning

st labels for year 202!

—>
Download dataset 2019 and 2018

;

DH Clean class labels H

Impute missing data in
patient demographic with
average value

Update Data label to
include 2020,19 and 18

1

)

Data Preprocessing

Get Images for year
2020, 2019 and 2018

s |

Crop into 768x786 and

512x512 Pixels

Reconcile image label to
include images detail from
2019 and 2018

H

Split into training and
validation set

1

)

Model Training

Data Augmentation

Get nth Training

batch al

Perform
ugmentation

Train Model

[Deﬁne HyperparameterH Load EfficientNet model H

Load data augmentation
pipeline

Train the model on training
setand evaluate on
validation set

Falss

|5 validafion accuracy increasing?

True

Prediction

[ Load trained model H

prediction

Process testing data for

Hmake prediction on 1estsetH Save prediction J

Figure 2: Model training flow diagram

Save model ‘

© 2023,IJSREM | www.ijsrem.com

DOI: 10.55041/IJ]SREM20566

| Page 6


http://www.ijsrem.com/

International Journal of Scientific Research in Engineering and Management (I][SREM)

Volume: 07 Issue: 05 | May - 2023 SJIF 2023: 8.176 ISSN: 2582-3930
User Visits the Website
Main Page <

e B

v v v v

> Qur Solution Info Tools About Us
L 4 . v
_h Enter Patient | Upload Patient

Details | skinimages

Mot acceptable Mot acceptable

Check the
ormat of patien
details

Check the
{prmat of image

Acceptable
Acceptable

h 4

Show Graph and

Model Evaluation Model Predictions

h 4

If reset
the Page

Predictions and

Gepesale SHE details in PDF Format

r

Nao
. ~Continue usin
g website
Mo

'

Comes out from
website

Figure 3: Web Ul flow diagram

© 2023,[JSREM | www.ijsrem.com DOI: 10.55041/IJ]SREM20566 | Page 7



http://www.ijsrem.com/

”gg.' ‘3;%9

# IJSREM
ity International Journal of Scientific Research in Engineering and Management (IJ[SREM)

RecL oA~ Volume: 07 Issue: 05 | May - 2023 SJIF 2023: 8.176 ISSN: 2582-3930

Module Of The Project

. Dataset

. Pre-processing

. Feature Extraction
. Classification

Description each model
Dataset —

Provide Dataset (This Means That The Data Collected Should Be Made Uniform And Understandable For A
Machine That Doesn't See Data The Same Way As Humans Do.)example, HAM10000

Pre-processing —

A Real-world Data Generally Contains Noises, Missing Values, And Maybe In An Unusable Format Which
Cannot Be Directly Used For Machine Learning Models. Data Pre-processing IsRequired Tasks For Cleaning
The Data And Making It Suitable For A Machine Learning ModelWhich Also Increases The Accuracy And
Efficiency Of A Machine Learning Model

Feature Extraction —

Feature Extraction Aims To Reduce The Number Of Features In A Dataset By Creating NewFeatures From
The Existing Ones (And Then Discarding The Original Features). These New Reduced Set Of Features Should
Then Be Able To Summarize Most Of The Information Contained In The Original Set Of Features.
Classification —

The Classification Algorithm Is A Supervised Learning Technique That Is Used To Identify TheCategory Of

New Observations On The Basis Of Training Data. In Classification, A Program Learns From The Given
Dataset Or Observations And Then Classifies New Observation Into ANumber Of Classes Or Groups
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6.1 Conclusion

In this project, different phases of image processing were applied on skin Nodules. From these different image
processing techniques, the fuzzy filter will provide the efficient de noising. Segmentation done by marker based
watershed algorithm, gives various region of image. GLCM is used to extract thedifferent features of image and
which takes less time for generating the result. This results are passed through CNN Classifier, which classifies
the nodules as benign or malignant. CNN classifier provides 92.5 percentage accuracy.

|
Select_Image 8
.
Image_preprocess
CNN_Prediction

‘ o - i

Image Testing Completed..
Selected Image is Melanoma

Execution Time: 7.19 seconds

6.2 Future Scope

System can be further modified into web application. The modules used inthis system can be used in
Cognitive Computing model.
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