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ABSTRACT

Skin cancer is one of the most common and potentially life-threatening diseases worldwide, where early
detection plays a crucial role in improving patient survival rates. Traditional diagnostic methods rely
heavily on dermatologists’ expertise, which may lead to variability and delayed diagnosis. This study
proposes a deep learning-based approach for accurate and efficient skin cancer prediction using
dermoscopic images. Convolutional Neural Networks (CNNs), known for their powerful feature
extraction capabilities, are employed to automatically learn complex patterns and distinguish between
benign and malignant skin lesions. Preprocessing techniques such as image resizing, normalization, and
data augmentation are applied to enhance model performance and reduce overfitting. The proposed
model is trained and evaluated on publicly available datasets, achieving high accuracy, sensitivity, and
specificity. The results demonstrate that deep learning techniques can significantly assist in early
detection and classification of skin cancer, thereby supporting dermatologists in clinical decision-
making. This approach has the potential to improve diagnostic efficiency and reduce mortality rates
associated with skin cancer.
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INTRODUCTION

Skin cancer is one of the most prevalent forms of cancer worldwide, with a rapidly increasing incidence
rate due to factors such as excessive ultraviolet (UV) radiation exposure, environmental changes, and
lifestyle patterns. It primarily includes melanoma and non-melanoma types, where melanoma is the most
aggressive and life-threatening if not detected at an early stage. Early diagnosis significantly improves
treatment outcomes and survival rates, making accurate and timely detection essential. Traditional
methods for diagnosing skin cancer rely on visual examination and dermoscopic analysis performed by
dermatologists. However, these approaches are often subjective, time-consuming, and dependent on the
expertise of medical professionals. In many cases, limited access to specialists and variability in
diagnosis can lead to delayed or inaccurate detection.With the advancement of artificial intelligence,
particularly deep learning, automated systems have shown great potential in medical image analysis.
Convolutional Neural Networks (CNNs) have emerged as powerful tools for extracting complex
features from images and have been successfully applied in various healthcare applications. In the
context of skin cancer detection, deep learning models can analyze dermoscopic images to identify
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patterns and classify lesions as benign or malignant with high accuracy. This research focuses on
developing a deep learning-based approach for skin cancer prediction using dermoscopic images. By
incorporating preprocessing techniques such as image normalization and augmentation, the model aims
to improve generalization and reduce overfitting. The proposed system leverages the capability of CNN
architectures to automatically learn discriminative features, thereby enhancing diagnostic performance.
The proposed algorithm begins with collecting dermoscopic images and preparing them through
preprocessing techniques to ensure uniformity and quality. Data augmentation increases dataset
diversity, helping the model generalize better. DenseNet is then used as the backbone for feature
extraction. Its dense connectivity allows each layer to receive information from all previous layers,
improving feature reuse and gradient flow. This enables the model to capture both low-level and high-
level features effectively.The extracted features are passed through pooling and fully connected layers
for classification. The Softmax function converts outputs into probabilities, making it easier to assign the
correct class label. Finally, the model is evaluated using standard performance metrics to ensure
reliability. The algorithm provides an efficient and accurate approach for early detection of skin cancer,
supporting medical professionals in diagnosis. The objective of this study is to design an efficient and
reliable model that can assist dermatologists in early detection and accurate classification of skin cancer.
Such automated systems can play a crucial role in improving healthcare accessibility, reducing
diagnostic errors, and ultimately saving lives. The proposed skin cancer prediction system using deep
learning offers several significant advantages in the field of medical diagnosis. It enables early detection
of skin cancer, which is crucial for effective treatment and improved survival rates. By using advanced
models like DenseNet, the system can automatically extract complex features from dermoscopic images,
reducing the need for manual analysis and minimizing human errors. The approach provides high
accuracy, consistency, and faster diagnosis compared to traditional methods. Additionally, it can assist
dermatologists in decision-making, especially in regions with limited access to specialists. The use of
data augmentation and preprocessing techniques improves model performance and generalization.
Overall, this project contributes to cost-effective, time-efficient, and reliable healthcare solutions,
making skin cancer detection more accessible and efficient

PROPOSED METHODS

Skin Cancer Prediction Using DeemeNet

IJFMR260484290 Volume 8, Issue 4, July-Auqust 2026 2



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

The proposed architecture for skin cancer prediction using deep learning is designed to automate the
detection and classification of skin lesions into benign and malignant categories. The system follows a
structured pipeline consisting of multiple stages, including input acquisition, preprocessing, feature
extraction using DenseNet, and final classification. Each component plays a crucial role in improving
the overall performance and accuracy of the model. The process begins with the input dermoscopic
image, which is typically obtained from publicly available datasets such as ISIC or HAM10000. These
images contain detailed visual information about skin lesions, including texture, color, and structural
patterns. However, raw images often vary in size, quality, and illumination, making it necessary to
standardize them before feeding them into the model. The next stage is preprocessing, where the input
images are prepared for effective learning. This step includes resizing the images to a fixed dimension
suitable for the DenseNet architecture (e.g., 224x224 pixels), ensuring uniformity across the dataset.
Normalization is applied to scale pixel values to a specific range, typically between 0 and 1, which helps
in faster convergence during training. Data augmentation techniques such as rotation, flipping, zooming,
and cropping are also employed to artificially increase the size of the dataset. This improves the model’s
ability to generalize and reduces the risk of overfitting, especially when the dataset is limited. After
preprocessing, the images are passed into the DenseNet model, which serves as the core component for
feature extraction. DenseNet, or Dense Convolutional Network, is a deep learning architecture known
for its dense connectivity pattern. In this structure, each layer is connected to every other layer in a feed-
forward manner. This means that the feature maps from all preceding layers are reused as inputs for
subsequent layers. Such connectivity improves feature propagation, encourages feature reuse, and
significantly  reduces  the  vanishing gradient problem.Within the DenseNet architecture, the
network is divided into multiple dense blocks, as shown in the diagram (Dense Block 1, Dense Block 2,
Dense Block 3, and Dense Block 4). Each dense block consists of several convolutional layers, where
each layer receives inputs from all previous layers. These layers extract increasingly complex features
from the input images. Once the feature extraction process is complete, the output is passed to a
Global Average Pooling (GAP) layer. This layer reduces each feature map into a single value by
computing the average, thereby converting the multi-dimensional feature maps into a one-
dimensional feature vector. This step helps in reducing the number of parameters and prevents
overfitting, while also maintaining the most important information extracted from the images. The
resulting feature vector is then fed into the Fully Connected (FC) layers, which act as the decision-
making part of the network. These layers learn to map the extracted features to the corresponding output
classes. Techniques such as dropout may be applied in this stage to improve generalization and avoid
overfitting. Finally, the output passes through a Softmax classifier, which converts the final outputs into
probability scores for each class. In this case, the model predicts whether the input image belongs to the
benign or malignant category. The class with the highest probability is selected as the final
prediction.Overall, the architecture leverages the strengths of DenseNet for efficient feature extraction
and combines it with robust classification layers to achieve high accuracy in skin cancer detection. The
dense connectivity ensures maximum information flow between layers, making the model both
computationally efficient and highly effective. This system can assist dermatologists in early diagnosis,
reduce human error, and improve clinical decision-making, ultimately contributing to better patient
outcomes.
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RESULT

The proposed skin cancer prediction model based on DenseNet demonstrates strong performance in
classifying dermoscopic images into benign and malignant categories. After training and evaluation, the
model achieved an accuracy of 94.8%, indicating its high capability in correctly identifying skin
lesions. In addition to accuracy, the model attained a sensitivity of 93.5%, which reflects its
effectiveness in correctly detecting malignant cases. This is particularly important in medical diagnosis,
as higher sensitivity ensures that fewer cancer cases are missed. The model also maintained good
precision and F1-score, showing balanced performance across both classes.The use of DenseNet for
feature extraction significantly improved the model’s ability to capture complex patterns in skin images.
Preprocessing and data augmentation techniques further enhanced generalization and reduced
overfitting. The model was tested on unseen data, where it continued to perform consistently,
demonstrating robustness and reliability. Overall, the obtained results confirm that the proposed system
is efficient and suitable for early-stage skin cancer detection, providing a valuable tool to assist
dermatologists in accurate and timely diagnosis.

Performance Results of Skin Cancer Prediction using DenseNet

Confusion Matrix Precmon-Recall Curves

CONCLUSION

This project presented an effective approach for skin cancer prediction using deep learning techniques,
with DenseNet employed for efficient feature extraction. The proposed system successfully analyzes
dermoscopic images and classifies skin lesions into benign and malignant categories with high accuracy
and sensitivity. By leveraging the dense connectivity of DenseNet, the model is able to capture both
low-level and high-level features, improving overall diagnostic performance. The integration of
preprocessing and data augmentation techniques enhances the model’s ability to generalize and reduces
overfitting. The results demonstrate that the system provides reliable and consistent predictions, making
it suitable for real-world medical applications. Furthermore, the use of transfer learning reduces training
time while improving efficiency. Overall, this project highlights the potential of deep learning in
assisting dermatologists for early detection of skin cancer. The proposed model can serve as a
supportive tool in clinical decision-making, helping to reduce diagnostic errors and improve patient
outcomes. Future enhancements can focus on incorporating advanced attention mechanisms and larger
datasets to further improve performance and scalability.
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