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ABSTRACT: Skin cancer is a widely occurring disease across the world, and detecting it at an early stage is very
important to reduce risk and save lives. However, traditional diagnosis by doctors can take a lot of time, be expensive,
and may sometimes lead to errors due to human limitations or the shortage of specialists in certain areas. To overcome
these challenges, this project presents an automated system for detecting skin cancer using Convolutional Neural
Networks (CNNs) implemented in TensorFlow. The system works by using a collection of skin images, which are
processed through steps such as resizing, normalization, and data augmentation. A CNN model is then trained to
recognize important patterns and classify the images into benign or malignant categories. This approach provides
quicker, more accurate, and dependable results, and it can support doctors in making early and effective diagnoses.

I. INTRODUCTION

Skin cancer is a serious and growing health problem worldwide, with increasing numbers of cases each year. Early
detection is essential for effective treatment and improving patient survival rates. However, traditional diagnosis
methods rely heavily on visual inspection by dermatologists, which can be time-consuming, expensive, and dependent
on expert availability.

In many regions, especially rural and underserved areas, access to skilled medical professionals is limited. This can
lead to delayed diagnosis, misclassification of skin lesions, and increased risk of severe disease progression.
Additionally, manual examination may result in human errors due to fatigue, experience level, or subtle visual
differences between benign and malignant lesions.

Therefore, there is a need for an efficient, accurate, and automated system that can assist in the early detection and
classification of skin cancer. This project aims to address this problem by developing a Convolutional Neural
Network (CNN)-based model using TensorFlow to analyze skin lesion images and provide reliable predictions,
thereby supporting medical professionals and improving diagnostic outcomes.

Several machine learning algorithms, including Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and
Decision Trees, have also been applied for classifying skin cancer. These methods provided better performance than
manual techniques, but they still relied on manually designed features, which restricted their effectiveness
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The proposed system presents an automated skin cancer detection framework using Convolutional Neural Networks
(CNNs) implemented in Tensor Flow.Unlike traditional methods that rely on manual diagnosis or handcrafted features,
the CNN model automatically learns complex patterns directly from skin lesion images.The process includes image
collection, preprocessing, segmentation, and feature extraction, followed by classification into benign or malignant
categories.This deep learning-based approach improves accuracy, speed, and reliability while reducing the workload of
dermatologists. It also provides a cost-effective and scalable solution that can be integrated into telemedicine and
mobile healthcare applications for early and accessible skin cancer detection.

III. METHODOLOGY

The dataset used in this project comes under the medical imaging domain, particularly in dermatology. It consists of
skin lesion images that are used for detecting and classifying skin cancer.

A well-known public dataset like the HAM10000 Dataset is utilized. This dataset contains a large number of labeled
skin images representing various types of lesions, including both benign and malignant categories. To enhance the
model performance, the images are processed before training. The preprocessing steps include:

1. Adjusting all images to a uniform size (for example, 224x224)

2. Scaling pixel values through normalization

3. Applying data augmentation techniques such as rotation, flipping, and zooming to increase data variety

4. Reducing noise and enhancing overall image clarity

For classification, a Convolutional Neural Network (CNN) is implemented. A pre-trained model such as MobileNetV2
(or alternatively ResNet50) is used with TensorFlow.

The architecture of the model includes:

o Convolutional layers to extract important features from images

e Pooling layers to reduce the size of feature maps

e Fully connected (dense) layers for final classification

e An output layer with activation functions like Softmax or Sigmoid

The CNN model is trained using the processed dataset to learn patterns and accurately classify skin images as benign or
malignant.

MODULES

e Data Collection

e Image Preprocessing

e Image Segmentation & Feature Extraction
e Image Classification

e DATA COLLECTION

Data collection is the first step in this project. In this stage, skin lesion images are collected from publicly available
medical datasets to train and test the deep learning model. The images are obtained from reliable sources such as the
ISIC Skin Cancer Dataset and the HAM10000 Dataset. These datasets contain thousands of dermoscopic images of
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different types of skin lesions, including melanoma and benign skin conditions. The collected images are stored in
standard formats such as JPG or PNG and are labeled according to the type of skin disease. The dataset is then
organized into training and testing sets to help the Convolutional Neural Network (CNN) learn patterns and accurately
detect skin cancer during the prediction stage. The training data consists of 8000 images and testing data consists of
2000 images.

e IMAGE PREPROCESSING

Image processing is an important step in this project. In this stage, the collected skin lesion images are prepared and
improved before giving them to the Convolutional Neural Network (CNN) model. The images are resized to a fixed
size so that all images have the same dimensions for training. Noise, hair, and unwanted background in the images are
reduced using filtering techniques. Image enhancement methods such as contrast adjustment and normalization are also
applied to improve the quality of the images. After that, the images are converted into numerical pixel values so that the
model can process them.

e IMAGE SEGMENTATION & FEATURE EXTRACTION

Image segmentation and feature extraction are important steps in this project. In the image segmentation stage, the skin
lesion area is separated from the surrounding normal skin in the image. This helps the system focus only on the affected
region and remove unnecessary background information. Techniques such as thresholding, edge detection, and masking
are used to identify the exact boundary of the lesion. After segmentation, feature extraction is performed to identify
important characteristics of the skin lesion. These features may include color, texture, shape, and size of the lesion. The
extracted features help the Convolutional Neural Network (CNN) model understand patterns in the images and improve
the accuracy of detecting skin cancer. Segmentation is used to isolate the region of interest (the affected skin lesion)
from the surrounding healthy skin.This ensures that only relevant parts of the image are analyzed. After segmentation,
important features such as color, texture, shape, and edges are extracted. In deep learning approaches, the CNN
automatically extracts high-level features from the segmented images.

e IMAGE CLASSIFICATION

Image classification is the final step in this project. In this stage, the processed skin images are given to the
Convolutional Neural Network (CNN) model for prediction. The CNN analyzes the features extracted from the skin
lesion images such as color, shape, and texture. Based on these features, the model classifies the images into different
categories such as melanoma (cancerous) or benign (non-cancerous). The model is trained using a large dataset of
labeled skin images so that it can learn patterns and make accurate predictions. After training, the CNN model can
automatically classify new skin images and help in the early detection of skin cancer. In this final module, the extracted
features are fed into a classification model, typically a Convolutional Neural Network (CNN). The model analyzes
patterns in the data and classifies the lesion as benign or malignant. The trained model provides predictions with high
accuracy, assisting doctors in early and efficient diagnosis of skin cancer.

IV. SYSTEM ARCHITECTURE
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Fig 4.1 Skin Cancer Detection System Flowchart

IJMRSET © 2026 |  AnISO 9001:2008 Certified Journal | 9075




DOI1:10.15680/IJMRSET.2026.0906021

©2026 IJMRSET | Volume 9, Issue 6, June 2026|
| www.ijmrset.com | Impact Factor: 9.864| ESTD Year: 2018|

ISSN: 2582-7219

gﬁg;ﬁ International Journal of Multidisciplinary Research in
2 5 Science, Engineering and Technology (IJMRSET)

D O S
Il“.‘Sﬂ (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

V.RESULTS

PIE-CHART
e The pie chart is generated to clearly show the percentage distribution of different classes (skin diseases) in the

dataset.

[l pigmented benign keratosis 20.6%

[ melanoma 19.6%
[ basal cell carcinoma 16.8%
Bl nevus 15.9%

[ squamous cell carcinoma 8.1%

[ vascular lesion 6.2%
[ actinic keratosis 5.1%

[ dermatofibroma 4.2%
[] seborrheic keratosis 3.4%

Fig 5.1 Percentage Distribution of Skin Lesion Classes

1. OUTPUT
e Actinic Keratosis is a sun-damaged skin condition that may develop into skin cancer if untreated.

Images for actinic keratosis category . . ..

Fig 5.2 Final Prediction Output Screen

e Nevus is a common and usually harmless skin mole.

Images for nevus category . . ..

Fig 5.3 Dataset Images for Nevus Class
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VI. CONCLUSION

Finally, the Automated Skin Cancer Detection system detects skin cancer using deep learning techniques using
dermoscopic 8pictures. The system has numerous steps, including data collecting, image processing, segmentation,
feature extraction, and picture classification. A Convolutional Neural Network (CNN) model is trained on a huge
dataset of tagged skin photos to understand the patterns of various skin lesions. The model can properly diagnose a skin
lesion as malignant or non-cancerous based on key criteria such as color, shape, and texture. This automated method
aids in the early detection of skin cancer and assists medical personnel with diagnosis, increasing the likelihood of
prompt treatment and better patient outcomes. The suggested CNN-based skin cancer detection system in Tensor Flow
offers a quick, non-invasive, and dependable approach for determining if skin lesions are melanoma or benign. By
using preprocessing, segmentation, and data augmentation approaches, the model enhances accuracy and robustness
while decreasing overfitting. Compared to traditional biopsy-based diagnosis, this method produces faster findings and
reduces dermatologists' manual burden. Overall, the system illustrates the efficacy of deep learning in promoting early
detection and increasing medical diagnostic efficiency.

VII. FUTURE ENHANCEMENTS

There are various approaches to improve the automated skin cancer detection system's accuracy and usability. In the
future, the model can be trained on a bigger and more diversified dataset of skin lesion photos, allowing it to more
accurately distinguish different skin types, lighting situations, and lesion patterns. The system can also be modified to
conduct multi-class classification, allowing it to identify several types of skin cancer and other skin illnesses rather than
just benign or malignant. Another significant enhancement is the integration of the technology into a mobile
application, which would allow users to capture photographs of skin lesions using their smart phones and obtain a
preliminary report immediately. The project can also be linked to cloud technology and telemedicine platforms,
allowing dermatologists to access patient images and diagnostic data from afar, which is especially useful for
individuals living in rural or remote areas. Furthermore, adopting explainable Al techniques such as heatmaps may help
clinicians understand which aspects of the image influenced the model's prediction, hence increasing trust in the
system. Future developments could include the use of advanced deep learning architectures like ResNet or EfficientNet
to improve prediction accuracy. Finally, the system can be evaluated and verified in actual clinical settings with
dermatologists to ensure its efficacy and dependability in medical applications.
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