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Abstract

One of the most common types of cancer that is reported in the world is
skin cancer and is a significant health issue. The rising cases of skin
cancer have been linked to many factors, which include exposure to
ultraviolet radiation, environmental as well as modern lifestyle.
Melanoma is a dangerous form of skin cancer, and one of the health-
related issues of primary concern. The reason behind this is that
melanoma is a serious form of skin cancer that is highly contagious and
hence the high rate of mortality. Thus, early diagnosis of melanoma
stands a chance of being diagnosed, and survival may become possible.
Nonetheless, the conventional techniques of melanoma diagnosis such
as visual examination and dermoscopy could be conducted only by a
dermatologist. Even though conventional ways of diagnosing melanoma
are effective, they may be subjective, time consuming and may require
a dermatologist. Yet, since artificial intelligence was invented, there are
other solutions to diagnosing melanoma. As an example, deep learning
algorithms, in particular, CNN, can work well in the diagnosis of
melanoma. This is so because deep learning algorithms, particularly
CNN, are capable of detecting significant attributes of images, such as
color, texture, and shape without the need of any human intervention.
This plays a key role in the diagnosis of melanoma because slight
variations play a vital role.

Introduction

and accessible solution for early detection and

Skin diseases and especially skin cancer have
emerged as a major health concern in the world
thanks to the rise in their prevalence and the
possibility of being severe. The early diagnosis is
critical in enhancing therapy and lowering the
rates of death. Nevertheless, proper diagnosis of
this issue can be done only with proper
dermatological skills and having access to
specialized health facilities which are sometimes
inaccessible to remote or resource scarce
locations [1]. This brings the concern of the
necessity to have automated, reliable, and
available systems of skin lesion analysis.the
proposed approach aims to provide a reliable
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awareness [2] of skin diseases. This paper
suggests a deep learning-based solution to skin
lesion detection and classification through
dermoscopic image. The system is a combination
of a powerful preprocessing pipeline, a powerful
cnn architecture, and a web interface that is easy
to use to obtain correct predictions and
confidence scores. There is also an interactive
chatbot, which helps users by responding to their
questions regarding skin conditions[3][4], their
level, and potential further actions.

The main aim of the given study will be to create
a reliable, scaled, and user-friendly solution
capable of assisting with early diagnosis and
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awareness of skin diseases [5]. The model will be
built to address the existing gap between the
advanced medical world and ordinary users
through the ability to analyze the health of the
skin using an intelligent and easy to use platform.

Literature Review

The idea of deep learning in skin cancer detection
has recently gained much popularity, and the
primary problem is to improve the quality of
classification and its resistance. A research
undertaken by Nawaz et al. [1] proposed a
Convolutional Neural Network (CNN)-based
algorithm to identify skin cancer using
dermoscopic images and the findings that were
obtained indicated that the algorithm has a high
rate of recognizing the malignant lesions.
Similarly, Alotaibi and AlSaeed [2] applied the
process of transfer learning and attention to
enhance feature extraction and enhance the
results of classification. The research on how to
make practical applications has also been carried
out in recent times. Aksoy et al. [3] have
suggested an automated skin lesion classification
Web system, and deep learning models have
become more convenient to make them
applicable to the real world. The other
performance improvement program has been
the ensemble techniques; Thwin and Park [4]
applied a number of models to obtain improved
segmentation and classification. The
transformer-based methods are becoming
popular along with CNNs. Tang et al. [5] in their
work proposed SkinSwinViT that is the
lightweight transformer network that improves
the generalization when classifying skin lesions
of a large number of classes. New hybrid
architectures are suggested as well such as
LesionNet of Alzakari et al. [6] that can be trained
using a mixture of SIFT features and CNNs to
enhance the detection rates. Further, Fiaz et al.
[7] developed a hybrid explicable framework
that can provide a superior interpretability in
terms of segmentation as well as classification.
Others that are more advanced are SkinEHDLF
[8], a hybrid deep learning technique of handling
complex information and a two step

model by Manzoor et al. [9], who carries out
segmentation and subsequently classification to
improve the precision. In addition, leracitano et
al. [10] proposed a trustworthiness index to
establish explainability in the skin lesions
classification systems which use Al. Although the
performance of both studies has significantly
improved the detection, most of them are
preoccupied with classification and analysis.
There is minimal attempt to integrate the deep
learning models with the interactions systems
such as chats. Therefore, the objective of this
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project is to create a deep learning-based
solution of skin lesion detection and a chatbot
that can interact and engage the user more,
provide easy medical consultation, and help to
make a diagnosis in an early stage.

Methodology

A. Dataset Collection

The type of data that will be adopted in this
research will be dermoscopic photographs of the
various types of skin lesions and non-skin
lesions. In order to enhance the model
differentiation to draw the line between diseased
and healthy skin, another set of normal skin
images (oily, dry, and normal skin) was
introduced in the dataset so that appropriate
learning and evaluation of the model could be
achieved.

B. Data Preprocessing

Each of the input images was resized to a fixed
299 x 299 pixel resolution in order to suit the
input needs of the Inception-based model. The
steps of preprocessing that were followed were
as follows: Normalization (values that lie within
the [0,1] range of pixels). Data augmentation: o
Horizontal flipping o Rotation o Zoom variations
The purpose of these techniques was to increase
the level of generalization and reduce overfitting.

C. Model Architecture

The proposed system relies on the Convolutional
Neural Network (CNN) as per inception V3
architecture to rely on the idea of transfer
learning. The topmost layers of classification are
discarded and instead there is introduction of
custom layers: Global Average Pooling layer.
Final layer (to avoid overfitting) Softmax
activation and fully connected Dense layer.
Through this architecture, it is possible to extract
features and classify lesions on the skin in a
multi-classification way.

D. Training Strategy

The model was trained in the following
arrangement: Optimizer: Adam Learning Rate:
0.0001 Loss Fn: Categorical Crossentropy. Batch
Size: 32 Early stopping occurred so that training
would stop as soon as the validation performance
does not improve in successive epochs.

E. Prediction Mechanism

During the prediction phase: i. The uploaded
picture is processed and it is resized. ii. This
trained model yields probability scores of every
one of the classes. iii. The final choice of
prediction is the most likely class. iv. The
confidence score is derived and it is displayed in
order to demonstrate the predictive reliability.
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F. System Integration

The trained model is deployed using the flask
based web application. The system allows users
to: Upload skin images View predicted lesion
class Observe confidence scores Moreover, a
chatbot is also introduced to provide a customer
with the answers to the common questions about
the skin conditions, severity, and the actions to
be taken. The proposed workflow of deep
learning-based Skin Lesion Detection with
Chatbot Integration is shown in Fig 1.

Dataset Collection Data Preprocessing
v v
U & “‘I‘ Resizing & Normalization  Data Augmentation
= F
Lesion Images & Normal Skin Images l 45 Y
Normal Skin images
Model Architecture

Inception V3 with Custom Layers
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Fig. 1. Proposed Workflow of Deep Learning-
Based Skin Lesion Detection with Chatbot
Integration

Result

A. Model Performance

Trained model was tested on the validation set.
The following are the performance measures
obtained:

Accuracy: 91.05%

Loss: 0.58

This shows that the model is effective in the
classification of various forms of skin lesions and
the identification of normal skin versus lesions.

B. Training Analysis

The model presented continuous accuracy and
loss reduction in Dur5ing training. Premature
termination was caused after epoch 9, which
prevented overfitting and guaranteed improved
generalization.

C. Prediction Analysis

The trained model got tested on lesion and
normal skin images. It was observed as follows:
The model was able to categorise most images of
the lesions with high confidence. First, there
were some normal skin images that were falsely
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identified as lesions. This was addressed by the
introduction of normal skin dataset and using
confidence-based interpretation. The predictions
were more reliable and interpretable with the
addition of confidence sores.

D. System Interface and Output.

The suggested system was implemented as
Flask-based web-application. The interface gives
the user the option of uploading skin images and
getting real-time predictions as well as
confidence scores. Image of the predictions. The
output images of web interface is shown in fig.2
and the chatbot response in shown in fig 3.

Fig.2. Skin lesion class Prediction confidence
score.

e Image of Skin Al Assistant (ChatBot)

f— - [ <es |
Fig.3. Al chatbot for skin condition assistance.

E. System Performance

The system provides real-time predictions with
minimal delay. The integration of a chatbot
enhances usability by allowing users to ask
questions related to the detected skin condition,
such as severity, risk level, and recommended
actions. E. System Performance The system gives
real time predictions with minimum delay. The
input of a chatbot makes the usability more user-
friendly and enables the user to ask questions
directly connected to the detected skin condition,
including the degree of severity, risk level, or
what should be done.

Conclusion

The article named Deep Learning Based Skin
Lesion Detection with Interactive Chatbot
manages to prove the applicability of the
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combination of deep learning methods with the
user-friendly interface and interactive experience
in achieving the desired accuracy of skin regions
detection. The paper puts emphasis on the fact
that deep neural networks can learn intricate
visual patterns that are concerned with skin
features directly with image data. In contrast to
the conventional methods, which rely on the
manual way of extracting the features, the
proposed system is data driven, which helps it to
learn important features like color and texture
automatically. This has a huge beneficial effect on
the amount of manual intervention required as
well as the generalization capabilities of the
model under various conditions. The system is
very effective in managing the changes in
illumination, skin colors, backgrounds, and image
quality. Such flexibility enhances its strength and
stability over the traditional methods. Moreover,
the system can be easily accessed through
integration of user interface which allows users to
interact with the system easily. All in all, the
proposed framework will generate consistent
and accurate outcomes even in problematic
situations. It discusses the shortcomings of the
conventional skin detectors and offers a practical
way to solve this problem, which can be then
expanded to real life to medical imaging and
computer vision systems.
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