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Abstract—SKin problems are very common in the world,
and at times it is difficult to check them early, especially
when people lack access to a dermatologist or even know
what to check for. In addition, the physical examination
of the skin by a human being is somewhat subjective, at
least to me, and therefore it is a slow process. The main
goal of this paper is to design an intelligent system that
can assist in the immediate diagnosis of a person’s skin
problems, changing the conventional way of checking to
a more accessible form to everyone. It’s all built on a web
platform, which essentially ties a few key things together.
Like, user login, which is secure, and then smart use of
images that are uploaded, and then the Al that’s trying
to figure out what kind of disease it’s looking at based on
what it’s seeing. There’re even pieces for information on
the diseases that are well organized, and a dashboard for
admins to manage all of this. It’s all well connected but
not overly complicated. At the heart of all of this is this
part about deep learning, which uses convolutional
neural networks, or CNNs, to make precise predictions
about skin diseases. There are also instances when
generative adversarial networks, or GANs, are employed
to increase the data set, hence the model, to combat any
changes. While I am not sure just how well all of this
integrates, I think it promises well. It was implemented
using Python programming language along with the
Streamlit library. A modular approach was chosen to
increase its scalability if needed in the future and to
increase its performance to work in real-time. There is a
lot of emphasis on usability, I think, since it’s meant to
be used by regular people. It was implemented using
Python programming language along with the Streamlit
library. A modular approach was chosen to increase its
scalability if needed in the future and to increase its
performance to work in real-time. There is a lot of
emphasis on usability, I think, since it’s meant to be used
by regular people. What’s interesting to note here is the
way computer vision and analytics are being leveraged to
speed up the early detection process and reduce waiting
times for human review. It brings dermatology
knowledge to many more people, increases awareness
about symptoms and prevention, and basically makes
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healthcare a lot less out-of-reach. This kind of AI could
be a real step forward for digital health, even if parts of
it could be tweaked for better usage.

Index Terms—Skin Disease Detection, Artificial
Intelligence  in  Healthcare, Deep  Learning,
Convolutional Neural Network.

I. INTRODUCTION

Skin diseases are the most common type of medical
condition, and millions of people are suffering from
these diseases. Health care systems are facing a wide
range of skin diseases, ranging from mild infectious
diseases to severe and chronic diseases. The incidence
of skin diseases is rising, and the reason for this rising
trend is the growth in population and environmental
factors such as pollution, climate changes, and
changes in lifestyle. The major problem in the early
diagnosis of skin diseases is a critical issue; the major
reason for this critical issue is the lack of
dermatological awareness, lack of consultation, and
lack of dermatologists in the remote areas.

Traditionally, the diagnosis of skin diseases has been
based mainly on the visual inspection of the patients
by dermatologists. Laboratory tests are also conducted
to support the diagnosis. However, the traditional
method of disease diagnosis may be time-consuming
and may also depend upon the expertise of the doctors.
Moreover, the results of the diagnosis may differ for
different doctors. In this case, patients may have to
wait for a long time to get the medical care they
deserve. In addition, the lack of digital means of
disease diagnosis has made it difficult for patients to
access early disease diagnosis and medical care.
Advances in Artificial Intelligence (Al) and computer
vision have opened up new avenues to revolutionize
medical image analysis. In particular, deep learning
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methods, especially Convolutional Neural Networks
(CNNs), have shown significant success in image
classification problems, including medical image
diagnostics. Al technologies can help in building
accurate and scalable solutions to provide relief to
doctors in disease diagnosis. In this paper, a novel Al-
based system for the diagnosis and classification of
skin diseases has been proposed to provide relief to
doctors in disease diagnosis.

II. LITERATURE REVIEW

With the recent advancements in artificial intelligence
and machine learning technologies, the medical image
analysis field, especially in the detection and diagnosis
of skin diseases, has made significant progress. The
detection and diagnosis of dermatology diseases from
images by employing deep learning models have
shown promising results in making decisions for
health care professionals. Among all the models, the
most popular one for image classification was the
Convolutional Neural Networks (CNN) model, as it
had the ability to automatically learn the important
features from images without any feature extraction
process [1]. The application of Al in dermatology has
become an important area.

Conventional machine learning techniques have also
been explored for skin disease detection. Support
Vector Machine (SVM), Decision Tree, and Random
Forest machine learning

algorithms have been implemented for skin lesion
classification with different features such as color,
texture, and shape. These techniques have shown
promising results for skin lesion -classification;
however, the traditional machine learning approaches
had to manually engineer the features, which reduced
the efficiency and effectiveness of the approaches for
practical implementation [2]. Comparative studies
have shown that although the traditional machine
learning approaches show good results for structured
data, the results of the proposed skin disease detection
system with the help of deep learning approaches
would be more effective for image classification tasks
[3].

The accuracy of the detection system for skin diseases
has been enhanced through the use of deep learning
architectures. The VGGNet, ResNet, and Mobile Net
architectures have been used for the classification of
various types of skin diseases based on the
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dermoscopic images of the disecases [4]. These
architectures are usually trained on various medical
data sets, such as the International Skin Imaging
Collaboration (ISIC) data set that contains thousands
of labelled images of skin data used for research and
development [5].

The transfer learning approach is usually used for
enhancing the accuracy of the classification system in
situations where there is a lack of medical data sets.
The transfer learning approach usually involves fine-
tuning the available model using various data sets in
dermatology for enhancing the accuracy of the system
(61, [7].

In addition, current research in this field is focusing on
developing intelligent diagnostic aids that can help
dermatologists in diagnosing diseases such as
melanoma, psoriasis, eczema, and other skin-related
diseases. This is possible with the help of intelligent
diagnostic aids based on artificial intelligence, which
can help doctors make accurate diagnoses by
processing images and providing predictions [8].
Furthermore, diagnostic aids help in avoiding
diagnostic errors and in early detection of diseases by
providing insights and decision-making tools to
doctors [9]

Despite all these developments, there are still many
challenges to be overcome in developing skin diseases
detection systems. This is mainly because of the
limited data available in research, which might affect
the generalization of the system. Additionally, lighting
conditions, skin tones, and image quality might affect
the system's performance in automatically classifying
images. Hence, various solutions such as data
augmentation, preprocessing, and ensemble learning
have been proposed to improve the reliability of the
system in real-world healthcare scenarios [11].
Overall, the literature indicates the significance of the
role played by artificial intelligence in the detection
and diagnosis of skin diseases. The Al-based systems
are beneficial in getting accurate results, classifying
the results, and providing access to skin care,
especially in underserved areas [12].

Considering the developments mentioned above, the
proposed system aims to develop an Al-based skin
disease detection system with an efficient interface for
the diagnosis of skin diseases.
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III. PROPOSED METHODOLOGY

The proposed skin disease detection system is
expected to result in an intelligent, automated, and
efficient solution for the development of a diagnostic
support system for the early detection of skin diseases.
This methodology for skin disease detection involves
the application of sophisticated image processing
techniques and machine learning and deep learning
algorithms for the classification of skin diseases. The
methodology for the proposed skin disease detection
system includes a series of steps starting with the
collection of the dataset. A dataset comprising about
3,000 images with labels from three classes of skin
diseases such as acne, lichen planus, and Stevens-
Johnson syndrome (SJS/TEN) has been collected from
publicly available medical image datasets. The
collected dataset is divided into subsets for the
effective evaluation of the system.

After preparing the dataset, the next steps are image
preprocessing. Image preprocessing improves the
quality and uniformity of images. Image preprocessing
includes resizing images to a standard size, removing
noise from images by applying filters, and improving
the contrast of image pixels.

After image preprocessing, the next step is featuring
extraction. In the case of traditional machine learning
classifiers such as Logistic Regression, Naive Bayes,
Random Forest, and Kernel SVM, handcrafted
features such as texture, color distribution, and shape
are used as input vectors. On the other hand, in the case
of Convolutional Neural Networks (CNN), feature
extraction is done. CNN consists of convolutional
layers, pooling layers, activation functions, and fully
connected layers. Convolutional layers use the
network to extract hierarchical features such as edges,
lesion patterns, texture, etc. Moreover, pooling helps
reduce dimensions while preserving relevant
information.

The classification phase includes the training of five
different machine learning algorithms on the given
dataset individually. The five machine learning
algorithms are Logistic Regression, Kernel SVM,
Naive Bayes, Random Forest, and Convolutional
Neural Network (CNN). The supervised learning
approach is used in this classification phase to train the
algorithms. In the classification phase, the given
dataset is divided into a training set and a validation
set in order to avoid overfitting and to test the
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performance of the algorithms. In this classification
phase, the parameters of the algorithms are optimized
in order to minimize the classification error.

The performance evaluation is carried out after
classification, where the models are evaluated using
confusion matrix analysis and other metrics such as
precision, accuracy, recall, and Fl score. A
comparative analysis is carried out to select the best
algorithm for multi-class skin disease classification.
From the experimental results, it is clear that the CNN
model performs better than other traditional machine
learning algorithms in terms of accuracy during
training and validation due to the deep feature learning
capability of the CNN algorithm.

Prediction and Results

The final step is prediction and showing the results.
The same steps are repeated if a new skin image is
uploaded, and the pre-trained model will show the
class of disease and level of confidence. The results are
then shown to the user in a friendly way to support the
initial diagnosis.

The system is currently centered around image
classification using existing datasets, but the
architecture is such that it will work well as a cloud-
based system. It is designed to work with mobile apps,
real-time images, and is already ready to work with
more advanced deep learning techniques like transfer
learning. So, to sum it all up, we have a highly scalable
and Al-ready system for support in diagnosis.

Skin Disease Examples Al Analysis

Basal Cell Carcinoma

-

Dermatofibroma

Melanoma: 92%

Diagnosiss MELANOMA 92%

Fig.3.1: Proposed Methodology for AI-Driven Skin
Disease Diagnosis and Classification for Humans

IV. SYSTEM ARCHITECTURE

The system developed for the detection of skin
diseases employs a system architecture that is
modular, scalable, and data-driven in its approach,
integrating all aspects of image acquisition,
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preprocessing, feature extraction, classification, and
visualization into a single intelligent diagnostic
system.

The proposed system architecture for the detection of
skin diseases is created with the aim of carrying out a
multi-class classification of diseases, ensuring high
accuracy in predictions, and ensuring that the
proposed system can be integrated into a cloud-based
system for healthcare needs. The proposed system
architecture for the detection of skin diseases is based
on a multi-layer approach, and the various layers of the
proposed system architecture for the detection of skin
diseases are as follows:

Image Acquisition Layer

This layer is responsible for acquiring images of skin
diseases from publicly available databases and clinical
resources. The dataset consists of 3,000 labeled
images belonging to three different classes: acne,
lichen planus, and Stevens-Johnson Syndrome/TENS.
These images are fed into the machine learning models
for prediction and training purposes. The system
accepts offline dataset input and also allows image
upload for prediction purposes. Image standardization
techniques are employed to keep the image sizes
consistent.

Preprocessing Layer

The preprocessing module enhances the quality of the

images and enables the efficient classification of the

images by performing the following operations:

e Resizing the images

e Reduction of noise from the images by applying
filters

e Normalization of the color

e Enhancement of the contrast

e  Extraction of the skin area (segmentation of the
image)

Preprocessing enables the filtering of the images and

retaining only the essential information related to the

lesions.

Feature Extraction Layer

The feature extraction is an important step in
identifying unique features of skin diseases. The
conventional machine learning method makes use of
manual feature extraction techniques like texture
analysis, color histogram analysis, and shape analysis.
But deep learning techniques make use of automated
hierarchical feature extraction techniques using
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convolutional neural network layers to identify edges,
textures, and patterns of skin diseases.

Classification Layer

The classification layer is the brain of the entire
system. Five different machine learning algorithms are
implemented and tested:

e Logistic Regression

e Kernel SVM

e Naive Bayes

e Random Forest

e Convolutional Neural Network (CNN)

Each algorithm is trained and then tested based on
certain parameters like accuracy, precision, and so on.
The best algorithm is selected based on the training
and validation.

Among the five algorithms, the CNN is found to be
performing better than the others because it can learn
on its own and extract features from the images.
Output and Monitoring Layer

This layer is employed to acquire the prediction
outcomes and display the determined disease type to
the user.

Some of the output results that will be given to the user
include:

Estimated skin disease type

e  Confidence level

e  Confusion matrix visualization

e Accuracy level chart

Furthermore, the above structure of the skin disease
classification system may be extended to include
medical recommendations.

Feature Extraction Model Training & Recommendation System
Classification

Prediction & Results i -

01 = *
7 e =

Dsease entifcation Confidence Score

—— Performance Evaluation
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Fig.4.1: System Architecture of AI-Driven Skin
Disease Diagnosis and Classification for Humans
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V. RESULTS AND DISCUSSION

The machine learning models that were utilized for
testing the skin disease detection system under
consideration were Logistic Regression, Support
Vector Machines, Naive Bayes, Random Forest, and
Convolutional Neural Network. The evaluation of the
models was done based on the accuracy of the models
and the insights that were obtained from the analysis
of the confusion matrix.

Based on the results that were obtained from the
models that were utilized for testing the skin disease
detection system under consideration, it was clear that
the CNN was the best among the models that were
utilized for the testing process due to the automated
feature extraction capability of the CNN. The
traditional machine learning models that were utilized
for the testing process performed well, but the
accuracy was not that high.

From the analysis of the confusion matrix, it was clear
that the skin disease samples were well classified with
a little confusion between the samples that had similar
appearances. Moreover, the response time of the
system was within the limits; thus, the results validate
the reliability and efficiency of the proposed
framework that is promising to be utilized for the
detection and early diagnosis of skin diseases.

S. Algorithm Accu | Precisi Recall F1-
N racy | on (%) (%) Score
O (o) (%)
1 Logistic 82 80 78 79
Regression
2 Naive Bayes 79 77 75 76
3 Random Forest 88 86 85 85
4 Kernel SVM 90 88 87 87
5 CNN 94 93 92 92
Table.5.1: Performance setup of Skin Disease
Detection
Accuracy Comparison of Machine Learning Models

Accuracy

(%)

Logistic Decision Random svm Neural
Regression Tree Forest Network

Machine Learning Models
Fig.5.1: Accuracy Comparison of Machine Learning
Models
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VI. CONCLUSION

The proposed system for the detection of skin diseases
would provide a comprehensive Al-based diagnostic
system for the early detection and classification of skin
diseases. Once the proposed system is integrated, the
performance of Logistic Regression, SVM, Naive
Bayes, Random Forest, and Convolutional Neural
Networks would be compared.

The proposed system would be able to make accurate
predictions regarding several classes of skin diseases
using supervised learning and techniques like deep
learning for feature extraction. Based on the
experiments conducted using several models, it has
been identified that CNNs have been found to be quite
effective in the detection of skin diseases. This is due
to their capability to learn complex patterns in images.
The proposed system has been designed to focus on
specific features of several classes of skin diseases
with an organized dataset of images. However, the
proposed system would also be ready to expand using
Al technology. In this case, the system would be
extended to accommodate a larger dataset, a complex
deep learning model, as well as images obtained in
real-time.

Thus, this system provides a scalable, reliable, and
intelligent system for the automatic detection of skin
diseases.
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