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Abstract : Automated skin cancer diagnosis with a deep learning-based system that uses Convolutional Neural
Networks (CNN) for classification and U-Net for precise lesion segmentation. To enhance patient outcomes, early
and precise detection is essential for skin cancer, especially melanoma. The suggested strategy improves
generalization by utilizing transfer learning and extensive dermoscopic datasets like the ISIC Archive and
HAM10000. CNN divides skin lesions into benign and malignant groups, but U-Net precisely divides the afflicted areas,
allowing for improved clinical evaluation and localization. The model uses post-processing methods, hyperparameter
adjustment, and data augmentation to increase its accuracy and resilience. The system helps dermatologists diagnose
patients quickly and non-invasively by automating feature extraction and segmentation, which improves clinical
operations. Incorporating explainable Al (XAl) for interpretability and real-time deployment are examples of future
improvements.
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. INTRODUCTION

In order to increase diagnostic precision and lower the number of melanoma-related fatalities, automated skin lesion
classification in dermoscopy pictures is essential. Dermatologists can study skin lesions in detail using dermoscopy, a
specialized imaging technique, but manual diagnosis is laborious and prone to human error. The automation of lesion
identification and categorization has drawn a lot of interest to the development of Al-based decision support systems for
skin cancer detection. However, a number of imperfections, such as hair, shadows, and uneven lighting, can skew lesion
boundaries and affect diagnostic accuracy, making precise segmentation difficult. Deep learning, namely convolutional
neural networks, or CNNs, has become the preferred technique for automated image interpretation in dermatology.
Despite their superiority in feature extraction and classification, CNNs frequently produce coarse segmentation outputs
because of the loss of fine-grained spatial information caused by their reliance on convolutional and pooling layers. The
accurate demarcation of lesion borders, which is essential for distinguishing between benign and malignant diseases, is
impacted by this constraint. Advanced segmentation methods like U-Net and attention-based models have been created
to address this, although managing complex lesion textures and irregular shapes continues to provide difficulties. The
suggested approach uses a super-pixel based fine-tuning technique that smoothes lesion boundaries while preserving
global structural integrity in order to improve segmentation accuracy. By utilizing both local contextual information about
the lesion area and high-level CNN-based feature extraction, our technique enhances pixel-by-pixel classification. This
method guarantees more accurate lesion localization, even in difficult situations with hazy borders or varied
pigmentation, in contrast to conventional segmentation methods that frequently obscure subtle lesion characteristics. The
technology greatly enhances skin cancer detection by combining deep learning with refined segmentation algorithms,
producing more accurate and therapeutically valuable diagnostic results.
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1. RELATED WORK

M. Gallazzi et al. [1] (2024) explored an innovative approach to skin cancer detection using CNNs combined with real-
time data processing. To provide increased accuracy and efficiency, the framework automates crucial procedures
including feature extraction, model optimization, and big data analytics. The model improves detection speed and
reliability by combining data augmentation and transfer learning. The main objective is to increase healthcare
practitioners' access to deep learning-based diagnostic tools. The artificial intelligence (Al)-powered system speeds up
the identification of skin cancer by efficiently distinguishing between benign and malignant lesions. The integration of
real-time processing enables quick and precise classification. The findings demonstrate Al's promise as a tool for medical
applications by highlighting its potential in early disease diagnosis. The importance of deep learning in improving
dermatological diagnosis is highlighted by this work.

Yashika Goyal et al. [2] (2024) introduced a study focuses on optimizing CNNs for smart healthcare applications,
particularly in classifying skin cancer. The HAM10000 dataset is used to enhance the accuracy and generalization of the
model. Two important tactics for enhancing performance are hyperparameter tuning and data augmentation. The study
incorporates Class Activation Mapping (CAM), which enables the display of model decision-making, to guarantee
interpretability. The accuracy of lesion classification has significantly improved, according to experimental results. The
system offers a trustworthy diagnostic tool to help medical practitioners identify skin cancer early. The method improves
usability in the real world by bridging the gap between Al and clinical applications. The study highlights CNNs' efficiency
in automated medical imaging and disease diagnosis.

Krishna Mridha et al. [3] (2023) developed an optimized CNN for smart healthcare applications in skin cancer
classification. To increase accuracy and generalization, the model was trained using the HAM10000 dataset.
Performance was enhanced through data augmentation and hyperparameter adjustment. For interpretability

the study incorporates Class Activation Mapping (CAM), which makes the model's choices clear. The accuracy of lesion
classification has significantly improved, according to the results. The suggested system helps medical practitioners make
accurate skin cancer diagnoses. This method closes the gap between clinical applications and artificial intelligence.
CNN's potential for automated disease identification is highlighted in the paper.

Mai Alzame et al. [4] (2023) explored deep learning techniques, particularly CNNs, for skin cancer detection. To improve
the accuracy and generality of the model, it makes use of data augmentation and transfer learning. The findings show
that even in the absence of many labeled datasets, deep learning may get excellent diagnostic precision. The robustness
of the model is demonstrated by its ability to generalize across a wide variety of skin lesion types. Al-based detection
solutions lessen the need for manual diagnosis while greatly assisting in clinical decision-making. The study
demonstrates how deep learning can be used to automate early diagnosis and enhance patient outcomes. The results
demonstrate that CNNs are more effective than conventional diagnostic techniques at detecting skin cancer. The study
promotes the use of Al in dermatology to improve the effectiveness of diagnostics.

R. Raja Sekar et al. [5] (2023) investigated RESNET, a deep CNN architecture to detect skin cancer. To find the best
accuracy and generalization, a comparison of different CNN models is done. To improve performance, important
strategies, including data augmentation and hyperparameter tuning are used. Deep networks can benefit from RESNET's
residual learning technique, which dramatically increases training efficiency. The goal of the project is to help medical
practitioners by offering a highly accurate Al-driven diagnostic tool. According to the results, RESNET performs better
in lesion classification than conventional CNN designs. The study emphasizes how Al is increasingly influencing early
disease detection and medical diagnostics. The findings suggest that deep learning could revolutionize cancer detection
by increasing its precision.
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Maryam Naqvi Syed Qasim Gilani et al. [6] (2023) examined the challenges and advancements in deep learning-based
skin cancer detection, focusing on CNNSs. There is a thorough discussion of important issues like overfitting, model
interpretability, and dataset quality. To improve classification robustness and accuracy, data augmentation and transfer
learning are employed. The study emphasizes how Al might reduce reliance on manual evaluations by automating the
diagnosis of skin cancer. A key component of model performance that affects practical applicability is generalization.
The work highlights how crucial high-quality labeled data is to the development of clinically applicable Al models. It
has been demonstrated that deep learning methods help physicians with early diagnosis and therapy planning. The results
support CNNs' efficacy in automated dermatological diagnoses and skin lesion classification.

Aarushi Shah et al. [7] (2023) compared Artificial Neural Networks (ANNs) and CNNs for skin cancer detection,
evaluating their classification performance. While ANNs successfully learn from extracted features to increase
classification accuracy, CNNs are excellent at feature extraction, spotting complex patterns in dermoscopic images.
According to the study, CNNs are often better than ANNs at differentiating between benign and malignant tumors. To
identify the best performance strategies, a variety of preprocessing methods and datasets are examined. The study shows
how Al might improve medical diagnostics and early disease diagnosis. The results demonstrate CNNs' potency as a tool
for medical imaging applications. The study emphasizes how crucial cutting-edge deep learning methods are to enhancing
the classification of skin cancer.

R. Senthil Kumar et al. [8] (2022) explored CNN-based models for skin cancer detection. Preprocessing techniques such
as normalization, resizing, and augmentation were used to enhance the performance of the model. To improve accuracy,
the study used ResNet and VGG16 for transfer learning. For optimization, regularization and hyperparameter tuning were
employed, the model was evaluated using metrics like accuracy and F1-score. The findings show that skin lesions can be
correctly classified by deep learning algorithms. The study backs early cancer detection powered by Al.

V.K. Suhasini et al. [9] (2022) analyzed traditional machine learning models, including Support Vector Machines (SVM),
Decision Trees, and Random Forest, for skin cancer detection. The study emphasizes how crucial picture preprocessing is
for enhancing features and boosting model dependability. Training on sizable labeled datasets improves generalization
and accuracy. In performance evaluation, metrics such as recall, accuracy, and precision are used to measure the model's
effectiveness. Dermatologists find that Al-based automation is a great tool for helping them spot skin cancer early. The
findings show that machine learning methods greatly improve diagnostic precision. The efficiency of traditional models
and deep learning in the diagnosis of skin cancer is compared in this study. Results show that Al is essential to disease
identification and medical decision-making.

Mehwish Dildar et al. [10] (2021) explored CNN-based deep learning approaches for skin cancer diagnosis, recognizing
important obstacles, like the requirement for huge datasets and generalization issues. Techniques for data augmentation
and transfer learning are used to enhance model performance to get past these challenges. In clinical applications, model
interpretability and explainability continue to be crucial issues. Automated medical diagnosis shows great promise with
deep learning approaches. The study demonstrates how CNNSs surpass traditional diagnostic techniques in terms of skin
lesion classification accuracy. For dermatologists and other medical practitioners, Al-driven detection offers quicker and
more dependable tools. The study highlights how deep learning can improve the effectiveness and accuracy of skin cancer
detection.
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1. METHODOLOGY
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Fig 1: Block Diagram

BLOCK DIAGRAM DESCRIPTION

The block diagram illustrates the methodology for skin cancer detection using a combination of U-Net for
segmentation and a Modified CNN for classification. The following is the structure of the process:

1) Data Collection: Publicly available datasets like PH2, ISIC, and HAM10000 are used to
gather images of skin lesions.

2) Preprocessing: To improve model performance, the gathered images are subjected to preprocessing,
which includes resizing, noise reduction, normalization, and augmentation.

3) Segmentation Training (U-Net): A U-Net-based model is trained to extract the skin lesion from the
input images in order to enhance feature extraction for classification.

4) Segmentation Model: To separate the lesion from the background, segmented pictures are produced
using the trained U-Net model.

5) Input Test: Prior to categorization, fresh test images are segmented and preprocessed.

6) Classification Training (Modified CNN): Using features that have been retrieved, a modified CNN

is trained to identify whether a lesion is benign or malignant.
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7) Classification Model (Modified CNN): This model classifies images by using the segmented images
as input.
8) Classification Result: To help clinicians make decisions, the algorithm predicts whether the

lesion is benign or malignant and provides the final diagnosis.

This integrated technique is a useful tool in dermatological diagnostics since it improves lesion localization, improves
diagnostic precision and facilitates the early detection of skin cancer.

V. SYSTEM IMPLEMENTATION

1) Dataset Collection and Preprocessing

Creating a comprehensive library of skin lesion photos from reputable sources, such the ISIC Archive or other
dermatology databases, is the main goal of this module. A variety of photos depicting several types of skin cancer,
including basal cell carcinoma, nevus, and melanoma, should be included in the dataset. In order to enhance model
generalization, Preprocessing techniques include standardizing pixel values, reducing images to a uniform resolution,
and improving the dataset using techniques like flipping, scaling, and rotation. The model is resilient for real-world
applications since data augmentation guarantees that it can manage changes in image orientation, lighting, and scale. To
guarantee objective assessment, images are further divided into training, validation, and test sets.

2) Image Preprocessing

Improving the diversity of the dataset and the generalization ability of the model rely on heavily on image augmentation.
Various techniques are used to replicate real-world variations in skin lesion photos, including random rotation, flipping,
zooming, and brightness alteration. Pixel values can be normalized to have a zero mean and unit variance, or scaled to [0,
1] normalization guarantees that all images have uniform pixel value ranges. Improving model convergence during
training and guaranteeing consistency across datasets depend on this phase. By decreasing overfitting and improving the
model's capacity to handle a variety of inputs, augmentation and normalization work together to enable the model
function effectively on unseen data.

3) U-Net Segmentation Model Design and Training

The U-Net architecture was developed for precise skin lesion segmentation, which involves identifying and defining the
lesion boundaries in images. Because of its encoder-decoder architecture with skip connections, which allows precise
pixel-level segmentation, U-Net is selected. The preprocessed and supplemented dataset is used to train the model, and
the goal segmentation labels are provided by ground truth masks. To increase segmentation accuracy, training entails
optimizing a loss function like binary cross-entropy or dice loss. Metrics such as Dice coefficient and Intersection over
Union (loU) are used to assess performance. Lesion areas are extracted using the trained U-Net model as a basis and
subsequently supplied into the classification model.

4) CNN Classification Model Design and Training

A Convolutional Neural Network (CNN) is used to classify skin lesions into different cancer categories (e.g., benign
nevus, melanoma, etc.). The CNN architecture consists of fully connected layers for classification, pooling layers for
dimensionality reduction, and convolutional layers for feature extraction. The segmented outputs of the U-Net are used
as inputs to focus on the lesion regions in the model, which is trained with labeled pictures. During training, a categorical
cross-entropy loss function is optimized, and overfitting is avoided by employing strategies such as batch normalization
and dropout. Performance is evaluated using metrics like F1-score, accuracy, recall, and precision. In order to facilitate
early diagnosis, the CNN model seeks to precisely differentiate between various forms of skin cancer.
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5) Model Integration and Deployment

This module combines the CNN classification model with the U-Net segmentation model into a unified workflow. The
lesion from the input picture is first segmented by the U-Net, and the segmented area is subsequently sent to the CNN for
classification. Both jobs will be handled effectively and in real time thanks to this integrated strategy. To provide an
intuitive user interface for dermatologists or other healthcare professionals, the integrated model is delivered using
frameworks such as Flask, Fast API, or TensorFlow Serving. In order to ensure that the model can manage large amounts
of data in practical applications, deployment also entails tweaking the model for scalability and inference speed. The
finished system offers a smooth way to diagnose and analyze skin lesions automatically.

These modules collectively form a robust pipeline for skin cancer detection, delivering precise and effective findings for
medical applications by integrating segmentation and classification.

V. EMPLOYMENT OF MODIFIED CNN AND U-NET SEGMENTATION IN SKIN
CANCER DETECTION

The combined framework of Modified CNN for classification followed by U-Net for segmentation enables a holistic
approach to skin cancer detection by first identifying the type of lesion and then isolating its precise region. Here’s how
the process works:

1) Initial Classification with Modified CNN

A modified Convolutional Neural Network (CNN) is used at the start of the process to categorize the input skin picture
into groups like benign and malignant. Transfer learning, dropout layers, and fine-tuned architectures are some of the
methods used to improve accuracy. This enables the model to generalize effectively across various types of skin lesions.
Based on pixel-level differences, the CNN recognizes intricate patterns in the image and can differentiate between
cancerous and non-cancerous lesions. This classification process acts as an initial diagnosis, offering a quick and accurate
evaluation that can direct additional research. Since prompt treatment depends on early detection, this stage is essential
to the system.

2) Feature Extraction for Classification

Following classification, the modified CNN retrieves key characteristics—Ilike texture, abnormalities in the border, and
color patterns—that characterize the lesion. These qualities are crucial for differentiating between different types of skin
cancer since malignant tumors often exhibit unique features like asymmetry and uneven color distribution. The model may
concentrate on the lesion's most instructive features thanks to the feature extraction procedure, which raises the
classification accuracy overall. By spotting minute changes that might not be immediately apparent to the naked eye, this
step improves diagnostic accuracy and facilitates trustworthy decision- making.

3) Segmentation via U-Net for Localization

Following classification, the lesion from the input image is segmented using the U-Net model. U-Net's encoder-decoder
structure and skip connections enable it to capture both tiny details and overall lesion structure, enabling precise boundary
identification. In order to isolate the damaged area and make it easier to distinguish the lesion from the surrounding healthy
skin, this step is essential. In medical imaging, precise segmentation is essential because it enables physicians to evaluate
the size, shape, and progression of the lesion over time. Additionally, better treatment planning and monitoring are
facilitated by clearly defined segmentation outcomes.
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4) Enhanced Localization of Classified Lesions

To concentrate exclusively on the lesion found during the classification stage, the segmentation procedure is further
improved. By removing extraneous regions like background noise or overlapping skin features, U-Net improves
localization and guarantees a more focused image of the afflicted area. By avoiding false positives and misclassifications,
this refinement phase increases diagnostic accuracy. The technology facilitates improved vision and comprehension of
the malignant region by offering a clearly defined lesion boundary, which is crucial for clinical decision-making.
Improved treatment techniques result from enhanced localization, which guarantees that the segmented area truly
represents the disease.

5) Integration for Improved Diagnosis

The last stage ensures smooth communication between segmentation and classification by combining the altered CNN
and U-Net models into a single system. This integration guarantees that the identified lesions are located exactly by
allowing the classification findings to direct the segmentation process. Combining the two models allows the system to
take advantage of deep learning's advantages for a more thorough and precise diagnostic. The hybrid technique gives
dermatologists a dependable tool, increases efficiency, and lowers misdiagnosis. In the end, this integration guarantees
accurate and clinically significant skin cancer detection, which improves patient outcomes and facilitates early action. By
combining the classification strength of the modified CNN with the segmentation accuracy of U-Net, this technology
offers a thorough method for detecting skin cancer, addressing both diagnostic and localization needs.

Initial Classification

> MModified TN classifies
¥ Early detection step

v

Feature Extraction

7 Extracts texture, color.
border

7 Improwves classification
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Fig 2: Flowchart for employing Modified CNN and U-Net in Skin Cancer Detection.
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VI. CONCLUSION AND FUTURE WORK

A Modified Convolutional Neural Network (CNN) for classification and U-Net for segmentation are combined to create a
very accurate and successful framework for the detection of skin cancer. By extracting significant features, the Modified
CNN successfully identifies skin lesions as benign or malignant, while U-Net guarantees accurate segmentation,
improving localization and providing doctors with vital visual insights. By combining segmentation and classification
into a single pipeline, this integrated solution optimizes the diagnostic workflow and allows for early and precise
detection, which can greatly enhance patient outcomes. In order to increase diagnostic accuracy and dependability, future
developments in this field will use multi-modal data sources, such as dermoscopic and histopathology pictures.
Furthermore, real-time deployment will be made easier by refining lightweight models, increasing the accessibility of Al-
driven skin cancer diagnosis in distant and clinical situations. Explainable Al approaches can further improve
interpretability and transparency while guaranteeing that forecasts are reliable and intelligible for medical practitioners.
Incorporating different populations into datasets would improve generalization and reduce biases in Al models, resulting
in healthcare solutions that are more egalitarian. A Modified Convolutional Neural Network (CNN) for classification and
U-Net for segmentation are combined to create a very accurate and successful framework for the detection of skin cancer.,
clinical trials and comprehensive validation studies will be essential. In order to enable early detection and improved
treatment planning, the ultimate goal is to create an Al-driven system that is extremely accurate, interpretable, and
seamlessly integrated into clinical workflows. Deep learning-based skin cancer detection has the potential to completely
transform dermatology with further developments, assisting medical professionals in making accurate and prompt
diagnosis.
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