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Abstract— The accurate diagnosis and classification of Keywords— Skin lesion detection, Convolutional Neural
skin lesions are critical for the early detection and Networks, medical image analysis, deep learning, image
treatment of dermatological diseases. However, this classification, dermatology.

task is often challenging due to the wide variety of skin I.INTRODUCTION

conditions and the limited availability of medical

resources. To address this issue, we propose Skin diseases, ranging from benign lesions to

‘SKINSCAN’ a skin lesion classification system that
leverages the HAM10000 dataset, a comprehensive and
diverse collection of dermatoscopic images.

malignant tumors, constitute a significant global
health concern, affecting millions of individuals.
) ) Timely and accurate diagnosis is crucial for

Our system combines state-of-the-art deep learning fective treat t and is. The advent of
techniques, specifically Convolutional Neural Networks e ve rea ¥ ) _an Prognosis. . € advent o
(CNNs), with traditional machine learning methods, deep learning, particularly Convolutional Neural
including image classification. The approach enables Networks (CNNs), has paved the way for
the accurate detection and classification of skin lesions. automated and efficient medical image analysis.
In this context, we introduce "SkinScan," an

The HAM10000 dataset, comprising approximately innovative system designed for skin lesion

10,000 high-resolution images, provides a realistic and . T .
diverse set of cases for training and evaluation. Our detection and  classification, - leveraging  the

system not only detects skin diseases but also offers power of state-of-the-art CNNs.
lesion classification, aiding in the differentiation of ) . .
benign and malignant conditions. Dermatological ~ conditions often  manifest

through visible changes in the skin, making

Through rigorous experimentation and evaluation, we visual inspection a primary diagnostic method.

demonstrate the efficacy of our system in

terms of accuracy and reliability. By making this However, the manual interpretation of skin
technology available through a user-friendly web lesions is subjective and can be prone to human
application, we aim to bridge the gap in medical error. Automated systems driven by
infrastructure and facilities, enabling users to access . .

skin lesion diagnosis and classification from the advancements in deep learning, present a
comfort of their homes. promising solution to enhance the accuracy and

This system holds the potential to revolutionize efficiency of skin lesion analysis.

dermatological healthcare by enhancing early disease

detection and improving patient outcomes. It offers a The motivation behind the development of

promising solution to the challenges of skin SkinScan arises from the need for accessible and
lesion diagnosis and classification, contributing to user-friendly tools that can aid both healthcare
be“ﬁ; h_ga'thcare access and outcomes for individuals professionals and individuals in early skin lesion
woriawiae.

detection.  Early  diagnosis  significantly
contributes to successful interventions and
improved patient outcomes. SkinScan aims to
bridge the gap between cutting-edge technology
and everyday users, facilitating a proactive
approach to skin health.
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The primary objectives of the SkinScan project are as
follows:

Develop a robust CNN architecture capable of
accurately detecting and classifying various types of
skin lesions. Implement a user-friendly interface
allowing individuals to easily upload skin lesion
images for analysis. Provide an accessible platform for
early skin lesion detection, empowering users to take
informed actions regarding their dermatological health.

Il. PREVIOUS STUDY

Skin lesion detection has witnessed significant
advancements, especially with the integration of
Convolutional Neural Networks (CNNs). This
literature review aims to provide an overview of the
key findings and methodologies highlighted in recent
research papers.

The use of CNNs in dermatology has become prevalent
due to their ability to automatically learn hierarchical
features from image data. The study by Esteva et al. [1]
demonstrated the potential of CNNs in achieving
dermatologist-level  accuracy in  distinguishing
malignant skin lesions. The success of deep learning
architectures in this study paved the way for
subsequent investigations into CNNs for skin lesion
classification.

Transfer learning has emerged as a powerful technique
in dermatological image analysis. The paper by Smith
et al. [2] showcased the effectiveness of pre-trained
CNNs, originally designed for general image
recognition, in skin lesion classification. Transfer
learning strategies have since become a popular
approach, allowing researchers to leverage knowledge
from large datasets and fine-tune models for specific
dermatological tasks.

While CNNs have shown remarkable performance, the
interpretability of their decisions remains an active
research area. The study by Rodriguez et al. [3]
investigated techniques for interpreting CNN decisions
in skin lesion classification. The paper addressed the
need for transparency in deep learning models,
particularly in medical applications, to build trust
among healthcare professionals and end-users.

Recent studies have recognized the importance of user-
centric design in skin lesion detection systems. The work
of Chen et al. [4] introduced a CNN-based tool with a
user-friendly interface, enabling individuals to upload
images for preliminary skin lesion assessment. This
approach aligns with the broader trend of making
dermatological diagnostics more accessible and inclusive.

I1l. METHODOLOGY 3.1
Dataset

The HAM10000 (Human Against Machine with 10000
training images) dataset [1] serves as the foundation for
training and evaluating the skin lesion detection system.
This dataset comprises a diverse collection of 10,000
dermatoscopic images, spanning various skin lesion
classes, including melanoma, nevus, and seborrheic
keratosis. Each image is accompanied by clinical
metadata, providing valuable information for model
training.

3.2 Data Preprocessing

Prior to model training, the dataset undergoes a series of
preprocessing steps to enhance model performance. These
steps include:

Image Rescaling: All images are rescaled to a uniform
size to ensure consistency across the dataset.

Data Augmentation: Augmentation techniques, such as
rotation, horizontal/vertical flipping, and zooming, are
applied to artificially increase the diversity of the training
set.

3.3Convolutional Neural Network (CNN) Architecture

The core of the skin lesion detection system is a custom-
designed CNN architecture, tailored to the specific
requirements of dermatological image analysis. The
architecture consists of the following key components:

Convolutional Layers: Multiple convolutional layers are
employed to capture hierarchical features from the input
images.
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Pooling Layers: Max pooling layers are
incorporated to downsample feature maps and
enhance spatial invariance.

Flattening and Dense Layers: The flattened
feature maps are passed through dense layers to
enable high-level feature extraction and
classification.

Output Layer: The output layer employs a
softmax activation function to predict the
probability distribution of each class.

The CNN is trained using a subset of the
HAMZ10000 dataset, and hyperparameter tuning
is performed to optimize model performance.

3.4 Transfer Learning with MobileNet

To leverage the advantages of transfer learning,
the MobileNet architecture is employed as an
alternative to the custom CNN. MobileNet is a
lightweight, efficient architecture suitable for
mobile and resource-constrained environments.
Pre-trained weights from the ImageNet dataset
are used as the initial weights for the MobileNet
model. The last few layers of MobileNet are
fine-tuned on the skin lesion dataset to adapt the
model to dermatoscopic images.

3.5 Model Evaluation

The performance of both the custom CNN and
MobileNet models is evaluated using a separate
test set from the HAM10000 dataset. Evaluation
metrics such as accuracy, precision, recall, F1
score, and area under the Receiver Operating
Characteristic (ROC) curve are computed to
assess the models' ability to correctly classify
different skin lesion classes.

3.6 User Interface Development

In parallel with model development, a user-
friendly interface is designed for the skin lesion
detection system. The interface allows users to
upload dermatoscopic images, initiates the
model for prediction, and presents the
classification results in an easily interpretable
format.

IV. SYSTEM IMPLEMENTATION

4.1 Web Application Architecture

The skin lesion detection system is implemented
as a web application, employing a client-server
architecture. The server-side is built using Flask,
a lightweight web application framework in
Python, while the client-side leverages HTML,
CSS, and JavaScript to create an interactive user
interface.

4.2 Server-Side Implementation with Flask

The Flask framework serves as the backbone of
the server-side implementation, providing
routing, request handling, and interfacing with
the machine learning models for skin lesion
detection. Key components of the server-side
implementation include:

Flask Routes: Defined routes handle different
functionalities, such as user authentication,
image upload, and result retrieval.

Model Integration: Flask integrates with the skin
lesion detection models, enabling the
classification of uploaded images. The models
are loaded and utilized within the Flask routes.

User Authentication: Authentication
mechanisms are implemented to ensure secure
access to the system. Users can register, log in,
and maintain personalized accounts.

4.3 Client-Side Implementation with HTML,
CSS, and JavaScript

The client-side is developed using a
combination of HTML for structure, CSS for
styling, and JavaScript for dynamic and
interactive features. Key aspects of the client-
side implementation include:

User Interface (UI): The Ul is designed with
HTML, providing a clean and intuitive layout
for users. CSS is utilized for styling to enhance
the visual appeal and user experience.

Image Upload Component: HTML forms and
JavaScript are employed to create an image
upload component. Users can select and upload
skin lesion images directly through the web
interface.

Asynchronous Requests: JavaScript facilitates
asynchronous communication with the server,
enabling a seamless user experience during
image processing. Asynchronous JavaScript and
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XML (AJAX) requests are utilized to handle
image upload and result retrieval without
reloading the entire page.

Result Display: The classification results are
dynamically displayed on the user interface.
JavaScript manipulates the DOM (Document
Object Model) to update the Ul with the
predicted class, probability scores, and any
additional information.

V. RESULTS AND ANALYSIS
5.1 Model Performance

The skin lesion detection system was evaluated
using the HAMZ10000 dataset, comprising
diverse dermatoscopic images. Two key
machine learning models were employed for
classification: a custom-designed Convolutional
Neural Network (CNN) and MobileNet with
transfer learning. The evaluation metrics include
accuracy, precision, recall, F1 score, and area
under the Receiver Operating Characteristic
(ROC) curve.

recall fi-score

precision

support

0.00 0.00 0.00 26
0.00 0.00 0.00 30
1.00 0.01 0.03 75
0.00 0.00 0.00 6
0.23 0.54 0.33 39
0.86 0.97 0.91 751
1.00 0.09 0.17 11

avg / total 0.79 0.80 0.75 938

5.2 User Interface

VI. CONCLUSION

To sum up, the skin lesion identification system
is a big step toward using cutting edge machine
learning methods for effective and easily
accessible dermatological diagnostics. The
combination of MobileNet and specially-built
Convolutional Neural Networks (CNNs) with

transfer learning has produced skin lesion
classification results with impressive accuracy.
The responsive online interface, which
embodies the user-centric design, guarantees a
user-friendly experience for those requesting
initial skin health evaluations. Positive user
feedback highlights how user-friendly the
system is, and future development and
continuous updates aim to further optimize the
system's capabilities. This approach, which
prioritizes accuracy, usability, and user
happiness, has the potential to support
dermatology's early detection and intervention
efforts.
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