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Abstract: Skin conditions are prevalent around the globe and attributed to factors such as infections, allergies,
heredity, and environment. Early detection is important but normally delayed because of the inefficiency by
conventional diagnostic techniques such as biopsies, since they are costly and intrusive in nature. In this paper,
a computerized diagnostic system for the diagnosis of skin conditions based on the combination of machine
learning and deep learning techniques has been suggested. The model employs skin image to make diagnoses
effectively and efficiently, providing real-time diagnosis and precautions. The model has been trained on the
HAM10000 dataset and employs Convolutional Neural Networks (CNNs) along with Python libraries like
TensorFlow and Keras. The suggested approach intends to minimize dependence on human diagnosis, thereby
enabling detection of skin diseases to be quicker, more accessible, and cost-effective, particularly for remote
or underserved populations.
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l. INTRODUCTION

Skin is the most important and the external body component of the mortal body. In a community, about 20
square bases of the skin region reaches the body in that empathizes with the mortal being. It defends different
central systems of a human body from exterior damage, also protects against other agents like microbes and
rudiments, centrists heat in the body, and creates the perception of warmth, cold and pressure. but, because of
different exterior and hereditary reasons, skin can also be told. Among these forms of skin condition, however,
are included: 1) Viral, 2) Fungal and 3) Antipathetic. Antipathetic-type and fungal-type conditions can be
treated if the same conditions citation has been performed at the earliest possible time.

And when it comes to types of viruses, it is critical to diagnose the sickness in its initial phases. Development
of artificial intelligence, machine literacy and actually deep literacy for the past few occasions has been
converted into insanity in the field of drug. Besides the clinical finding or physical sign, image interpretation
is indeed important in observing colorful skin diseases three various machine literacy processes and three
various deep neural networks were employed to discover to employ various skin diseases. Even in other
developing nations, individualities visit a dermatologist for skin disease operation and treatment. The people
have doubts regarding the drug conventions from the dermatologist and the prevailing system which does not
give any sense. So firmly establishing the old furnishing proper skin care. indicates towards a very vital role to
skin to save body from the intrusion of fungal and other poisonous bacteria infection. Nausea, people get skin
disease from genetic packages, occupation, malnutrition, daily way of life, chemical pollution etc. Enhanced
knowledge of the aetiology of the cutaneous disease is modified in practice by climatic factors like rain or
weather in summer and slack periods.
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As digital healthcare technologies continue to rise, automatic detection systems for skin disease are proving
to be more and more useful. Such diagnostic devices based on Al not only ease the workload on dermatologists
but also provide quicker and sometimes more precise answers by interpreting dermoscopic images. Using such
devices in healthcare systems ensures early detection and treatment, particularly in rural or underdeveloped
regions with restricted access to experts. In addition, machine learning model-based mobile applications are
also enabling people to monitor skin conditions themselves, increasing awareness and encouraging responsible
health practices.

Il. LITERATURE SURVEY

Zhang et al. [1] have proposed a two-stage process of detection and classification of skin disease using
color image processing and artificial neural networks. In the first stage, infected regions of skin were identified
through algorithms such as k-means clustering and color grading. In the second stage, artificial neural
networks were applied for classification of the type of skin disease.

Verma et al. [2] sought to improve skin disease detection through effective feature extraction techniques.
Their study emphasized the use of fewer effectively selected features yielding better system performance.
Focused particularly on melanoma detection, the study underlined the requirement for early detection as
melanoma is fatal. The optimized set of features improved computational efficiency as well as diagnostic
accuracy.

Kusiak et al. [3] conducted an experiment on various segmentation methods for improving melanoma
detection. Boundary analysis was especially of interest here, with authors opining that accurate definition of
lesion boundaries significantly improves the quality of extracted features. Improved feature extraction, as
such, lends itself to increased classification accuracy in melanoma.

Dos Santos et al. [4] created a melanoma diagnostic system specific to dark skin tones. With images from
a variety of sources and sophisticated algorithms, the system aimed to remove racial bias in traditional
diagnostic devices. Their approach delivered better performance for minority skin types and increased
melanoma detection system diversity. This work closed an important knowledge gap in dermatological Al.

Paolanti et al. [5] introduced an automatic eczema detection and severity estimation framework using
segmentation and Support Vector Machines (SVM). The framework consisted of three stages: skin
segmentation to find affected areas, feature extraction in terms of color, texture, and boundary, and severity
estimation using an SVM model. The work effectively integrated image processing and machine learning to
offer a reliable detection and monitoring system for eczema.

111. SYSTEM DESIGN

There are five key stages in the system architecture: image upload, pre-processing, binary lesion detection,
multiclass classification, and warning in advance. As soon as an image is uploaded, the system initially detects
whether it contains a lesion. Yes, the system classifies the lesion into any one of a number of categories like
akiec, bcc, bkl, df, mel, nv. Finally, the system issues warning alerts on a precautionary basis based on
diagnosis.
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The system uses the HAM10000 dataset of dermoscopic images, preprocessed through resizing,
filtering, and normalization. A CNN model is trained to classify skin lesions by extracting key features from
images. Classification occurs in two stages: first, detecting whether the image contains a skin lesion, then
categorizing it into one of seven classes- akiec, bkl, bcc, df, nv, or mel. The trained model predicts the lesion
type and severity, and provides a precautionary advisory with care tips and guidance on seeking medical
attention.

Data collection: The HAM10000 dataset of dermoscopic images of skin diseases is prepared for training the
model. Images are preprocessed by resizing, filtering, and normalizing them to ensure uniformity. The
formatted dataset is used to train and test the classification model for the identification of skin lesions.
Preprocessing: An image of a skin lesion is input by a user, and it is processed for classification. Training
images are preprocessed, meaning resizing to the same size and removing noise and enhancing quality.
Feature extraction is performed on the preprocessed images to preserve significant features required for proper
classification of skin lesions.

Classification Process: The classification process is performed in two stages. First, the system classifies the
uploaded image as a "Skin Lesion™ or "Non-Lesion" at a general scale. If it is recognized as a skin lesion, it
is specifically classified into one of six types:

akiec, bkl, bcc, df, nv, mel facilitating accurate diagnosis and analysis.

CNN Model Training and Evaluation: A CNN model is trained to predict extracted features and classify
skin lesions correctly. When training, the model learns from labeled images to identify differences and
patterns between types of lesions. The model proceeds through the process of evaluation, where its
performance is tested with metrics like accuracy and loss. This renders the model capable of generalizing to
unseen new images for correct classification.

Prediction: The CNN model, after training, analyzes the input image and predicts the type of skin lesion. It
determines if the lesion is malignant or not and classifies it into a specific category. The prediction is due to
acquired patterns in the training data,

resulting in correct and reliable results. This information aids in early detection and potential medical
guidance.

Precaution Advisory: Once classified, the system provides precautionary advice according to the nature of
the lesion found. It advises personalized skin care and suggests when to seek professional medical services.
The advisory also includes preventive actions to avoid any potential worsening of the condition. This all-
encompassing approach informs users on how to manage their skin condition properly and make the right
choices for further treatment.
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IV. METHODOLOGY

The system proposed in the paper utilizes a hybrid deep learning method for skin lesion detection. The
HAMZ10000 dataset, with more than 10,000 dermoscopic images of seven classes of skin lesions, was utilized
for training and testing. Preprocessing involves resizing, filtering, and normalization of images. A
Convolutional Neural Network (CNN) architecture is employed to extract features and classify images into

types of skin lesions. The model is trained with the Ao antimizar and hactad an o waink annlinations ajng
Django, returning real-time predictions and medi ' jes,
categorized into seven classes: o . ‘“ .

e Melanocytic Nevi (NV) ‘ .

e Melanoma (MEL) axtre ma.

e Benign Keratosis-like Lesions (BKL) s
e Basal Cell Carcinoma (BCC) a g :
e Actinic Keratoses (AKIEC) S .

e Dermatofibroma (DF)

MEL

Implementation Details:

The suggested skin lesion detection system is a web application built on Django to help identify skin
abnormalities early through deep learning. Users upload skin images (JPG/PNG), which are preprocessed by
resizing to 224x224 pixels, normalizing pixel values, and converting to a NumPy array. A binary CNN model
initially classifies the image into "Lesion” or "Not a Lesion.” When a lesion is identified, the image is also
processed by a multiclass CNN model trained using the HAM10000 dataset to classify the image into one of
seven lesion categories (e.g., melanoma, nevus, BCC). Precautionary guidance is fetched from a knowledge
base based on the outcome. The system presents the classification outcome and related medical advice via an
easy-to-use web interface, allowing for early and accessible identification of skin conditions.

Algorithm:
Input: Skin image (JPEG/PNG)
Output: Binary classification ("Lesion" / "Not a Lesion"), and if "Lesion" — lesion type + precaution
1. Start
2. Image Acquisition:
User uploads an image via the web interface. Image is sent to the backend server for analysis.
3. Image Preprocessing:
Resize image to 224x224 pixels.
Normalize pixel values to [0, 1].
Convert image to array/tensor format.
4. Binary Classification:
Load binary CNN model.
Predict: Lesion or Not a Lesion.
If Not a Lesion, go to Step 7.
If Lesion, proceed to Step 5.
5. Multiclass Classification:
Load multiclass CNN model.
Classify lesion into one of the following: akiec, bcc, bkl, df, mel, nv.
6. Precaution Suggestion:
Retrieve medical advice based on predicted lesion type from a predefined knowledge base.
7. Result Display:
If Not a Lesion: Show message accordingly.
If Lesion: Display lesion type and suggested precautions.
8. End
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V. RESULT ANALYSIS

5.1Model Comparison:

The CNN model performed better compared to other machine learning models in detecting skin lesions
with 85% accuracy than ANN (75%), SVM (78%), KNN (72%), and K-Means (60%). CNNs are best for
automatically extracting spatial features and discovering patterns in images without feature engineering.
ANNs lose image context, SVMs have difficulty detecting complex image features, KNN is noisy-sensitive,
and K-Means has no label supervision. Therefore, CNNs are the most precise and trustworthy for skin lesion
classification.
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Existing system vs Proposed system:

In comparison to conventional ML models such as SVM, KNN, and ANN that depend on manual
feature extraction, CNNs learn features from raw images automatically, thus being more efficient and accurate
for image-based tasks such as skin lesion classification. Although the conventional models are faster on small
datasets, CNNs perform better with large, complicated image data because of their deep, hierarchical
structure. In addition to greater computation required, CNNs present better accuracy and scalability and are
thus a solid choice for real-world medical image analysis.

Criteria Existing System (Traditional ML) Proposed System (CNN)
Feature Extraction Manual or semi-automated Fully automatic
Scalability Limited Highly scalable
Computation Time Faster (for small data) Slower (but more precise)
Hardware Requirement Low to Moderate High (GPU recommended)
Prediction Robustness Moderate High

Preprocessing Effort High Low

Image Understanding Poor Excellent
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V1. CONCLUSION

Skin Lesion Detection System utilizes CNNs for precise lesion classification and offers a user-friendly
web interface for uploading images, results with medical advice, and PDF report downloading. It has a
dermatologist finder for daily use. It is a low-cost, affordable solution for skin screening that is useful to
dermatologists and users for early management of the skin. Mobile integration and model optimization would
be possible avenues for future development that can more efficiently facilitate early detection and patient
outcome.

VIIl. FUTURE SCOPE

The Skin Lesion Detection System can be enhanced by adding detailed PDF reports with predictions,
doctor recommendations, and map-based dermatologist info. Future upgrades may include a mobile app for
real-time camera analysis, lesion boundary segmentation, multilingual support, and training on larger datasets
to boost accuracy, accessibility, and user convenience.
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