
 

 

       International Journal of Advanced 

                               International Open-Access, Double

Copyright to IJARSCT DOI: 10.48175/

www.ijarsct.co.in 

Impact Factor: 7.53 

MalenoCare -

Prescription using CNN and ML
More Nikhil Sharad1, Zinjad Mahesh Sharad

Students, Department of 

Professor, Department of 

Samarth College of Engineering and Management, Belhe, Junnar, Pune, Maharashtra, India

moren9817@gmail.com

shakurs1611@gmail.com

 

Abstract: Machine learning (ML) and convolutional neural networks (CNNs) have driven significant 

advancements in healthcare, particularly in dermatology, by enabling the automation of diagnostic 

processes for skin cancer. Skin cancer, being one of the most common types of cancer, requires early 

detection and accurate classification to improve patient outcomes and reduce mortalit
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A. Background of the Study 

Skin cancer, affecting millions globally each year, has spurred efforts to develop automated solutions for timely and 

accurate diagnosis. Traditional methods, such as biopsies, are effective but often time

inaccessible to patients in rural areas. Machine learning, particularly CNNs, offers a revolutionary way to detect 

cancerous lesions by analyzing dermoscopic images. These models can identify patterns invisible to the human eye, 

providing a valuable tool in early cancer detection. Figure 1 demonstrates the 

Over Time, illustrating the necessity of automated solutions as cancer rates continue to rise. This background provides 

context for the critical role ML plays in democratizing diagnostic care.
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Machine learning (ML) and convolutional neural networks (CNNs) have driven significant 

particularly in dermatology, by enabling the automation of diagnostic 

processes for skin cancer. Skin cancer, being one of the most common types of cancer, requires early 

detection and accurate classification to improve patient outcomes and reduce mortality rates. This review 

paper explores various studies and CNN-based tools that enhance skin cancer detection and support 

preventive care through image analysis. The paper also discusses the effectiveness of different CNN 

architectures, including VGG16, ResNet, and Inception, in achieving high accuracy rates in skin lesion 

classification. A combination of recent research findings, model evaluation metrics, and graphical data 

highlights the accuracy, interpretability, and real-world applications of ML models, offering insights into 

their potential for integration into clinical practice. 

Skin cancer detection, machine learning (ML), convolutional neural networks (CNNs), image 
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I. INTRODUCTION 

Skin cancer, affecting millions globally each year, has spurred efforts to develop automated solutions for timely and 

accurate diagnosis. Traditional methods, such as biopsies, are effective but often time-consuming, cos

inaccessible to patients in rural areas. Machine learning, particularly CNNs, offers a revolutionary way to detect 

cancerous lesions by analyzing dermoscopic images. These models can identify patterns invisible to the human eye, 

le tool in early cancer detection. Figure 1 demonstrates the Global Incidence Rate of Skin Cancer 

, illustrating the necessity of automated solutions as cancer rates continue to rise. This background provides 

in democratizing diagnostic care. 
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B. Aim 

The primary aim of this review is to consolidate findings from prominent studies that focus on CNN applications in 

skin cancer diagnostics. By synthesizing various research insights, we aim to provide a clearer 

technology's strengths and limitations and identify areas for future development. The paper highlights essential 

elements in CNN-based models, addressing their diagnostic accuracy, limitations, and the role of interpretability tools, 

such as Grad-CAM, in facilitating acceptance among healthcare providers.

 

The field of skin cancer diagnostics has witnessed substantial advancements through machine learning (ML) and 

convolutional neural networks (CNNs). As the 

creating automated solutions that are both accurate and accessible to support clinicians and increase early diagnosis 

rates. The use of CNNs in skin cancer detection is particularly not

lesions through image recognition. This literature review consolidates global research efforts, summarizing key findings 

that highlight the benefits and challenges of using CNNs for skin cancer detecti

 

Progress in CNN-Based Models for Dermatology

Studies from institutions worldwide indicate CNNs have transformed skin cancer diagnostics, offering high sensitivity 

and specificity when detecting malignancies in dermoscopic images. For example, research

2019 dataset, one of the largest publicly available datasets for skin lesion images, shows that CNN models like 

DenseNet and ResNet have achieved diagnostic accuracies exceeding 90% in identifying melanoma and other cancer 

types. This dataset is frequently referenced, as it provides a comprehensive and diverse set of images representative of 

real-world cases, making it a benchmark for training and evaluating CNN models.

Further studies have refined CNN architectures by layering and

structures, allowing the models to capture nuanced patterns and details. The impact of this is significant: CNN models 

can often outperform even experienced dermatologists in certain diagnostic scenarios,

reliable diagnostic assistants in clinical settings. However, variability in skin types, lighting conditions, and image 

quality can affect the accuracy of these models, highlighting the need for ongoing adjustments and reg

model training. 

Addressing Data Diversity and Bias 

A primary challenge in achieving universal applicability with CNN models in skin cancer detection is data diversity. 

Since many datasets are regionally specific or skewed towards certain dem

may struggle with generalization in different global contexts. The HAM10000 dataset, which includes over 10,000 

images covering multiple skin cancer types, remains widely used and has been instrumental in reducin

However, studies still indicate the importance of curating datasets that represent a variety of skin tones, ethnicities, and 

environmental conditions to ensure global applicability.

To address these concerns, researchers have incorporated data

color adjustments, to simulate a wider array of real
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The primary aim of this review is to consolidate findings from prominent studies that focus on CNN applications in 

skin cancer diagnostics. By synthesizing various research insights, we aim to provide a clearer understanding of the 

technology's strengths and limitations and identify areas for future development. The paper highlights essential 

based models, addressing their diagnostic accuracy, limitations, and the role of interpretability tools, 

CAM, in facilitating acceptance among healthcare providers. 

II. LITERATURE REVIEW 

The field of skin cancer diagnostics has witnessed substantial advancements through machine learning (ML) and 

convolutional neural networks (CNNs). As the prevalence of skin cancer rises worldwide, researchers have focused on 

creating automated solutions that are both accurate and accessible to support clinicians and increase early diagnosis 

rates. The use of CNNs in skin cancer detection is particularly noteworthy for its success in accurately classifying skin 

lesions through image recognition. This literature review consolidates global research efforts, summarizing key findings 

that highlight the benefits and challenges of using CNNs for skin cancer detection. 

Based Models for Dermatology 

Studies from institutions worldwide indicate CNNs have transformed skin cancer diagnostics, offering high sensitivity 

and specificity when detecting malignancies in dermoscopic images. For example, research conducted using the ISIC 

2019 dataset, one of the largest publicly available datasets for skin lesion images, shows that CNN models like 

DenseNet and ResNet have achieved diagnostic accuracies exceeding 90% in identifying melanoma and other cancer 

This dataset is frequently referenced, as it provides a comprehensive and diverse set of images representative of 

world cases, making it a benchmark for training and evaluating CNN models. 

Further studies have refined CNN architectures by layering and connecting neural networks in increasingly complex 

structures, allowing the models to capture nuanced patterns and details. The impact of this is significant: CNN models 

can often outperform even experienced dermatologists in certain diagnostic scenarios, indicating their potential to be 

reliable diagnostic assistants in clinical settings. However, variability in skin types, lighting conditions, and image 

quality can affect the accuracy of these models, highlighting the need for ongoing adjustments and reg

 

A primary challenge in achieving universal applicability with CNN models in skin cancer detection is data diversity. 

Since many datasets are regionally specific or skewed towards certain demographics, models trained on these datasets 

may struggle with generalization in different global contexts. The HAM10000 dataset, which includes over 10,000 

images covering multiple skin cancer types, remains widely used and has been instrumental in reducin

However, studies still indicate the importance of curating datasets that represent a variety of skin tones, ethnicities, and 

environmental conditions to ensure global applicability. 

To address these concerns, researchers have incorporated data augmentation techniques, such as rotation, flipping, and 

color adjustments, to simulate a wider array of real-world scenarios. Additionally, transfer learning, where models pre
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The field of skin cancer diagnostics has witnessed substantial advancements through machine learning (ML) and 
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creating automated solutions that are both accurate and accessible to support clinicians and increase early diagnosis 

eworthy for its success in accurately classifying skin 

lesions through image recognition. This literature review consolidates global research efforts, summarizing key findings 

Studies from institutions worldwide indicate CNNs have transformed skin cancer diagnostics, offering high sensitivity 

conducted using the ISIC 

2019 dataset, one of the largest publicly available datasets for skin lesion images, shows that CNN models like 

DenseNet and ResNet have achieved diagnostic accuracies exceeding 90% in identifying melanoma and other cancer 

This dataset is frequently referenced, as it provides a comprehensive and diverse set of images representative of 

connecting neural networks in increasingly complex 

structures, allowing the models to capture nuanced patterns and details. The impact of this is significant: CNN models 

indicating their potential to be 

reliable diagnostic assistants in clinical settings. However, variability in skin types, lighting conditions, and image 

quality can affect the accuracy of these models, highlighting the need for ongoing adjustments and region-specific 

A primary challenge in achieving universal applicability with CNN models in skin cancer detection is data diversity. 

ographics, models trained on these datasets 

may struggle with generalization in different global contexts. The HAM10000 dataset, which includes over 10,000 

images covering multiple skin cancer types, remains widely used and has been instrumental in reducing data bias. 

However, studies still indicate the importance of curating datasets that represent a variety of skin tones, ethnicities, and 

augmentation techniques, such as rotation, flipping, and 

world scenarios. Additionally, transfer learning, where models pre-
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trained on a large dataset are fine-tuned on a smaller, specific dataset, has 

populations. These techniques make models more robust to environmental variations and improve their global 

applicability. 

Despite the accuracy of CNNs, their “black box” nature is a barrier to widespread adoptio

interpretability to understand the decision-making process, as it aids in verifying the reliability of automated diagnoses. 

One solution is the use of Grad-CAM (Gradient

an image that most influence the model’s predictions. Such visualizations provide insight into the model’s reasoning, 

allowing clinicians to assess whether a diagnosis aligns with their own evaluations.

Studies demonstrate that when provided with th

confidence in ML-based diagnoses, improving the likelihood of CNNs being integrated into medical practice.

IJARSCT  ISSN (Online) 2581

   

International Journal of Advanced Research in Science, Communication and Technology

Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

Volume 4, Issue 2, November 2024 

DOI: 10.48175/IJARSCT-22173   

  

tuned on a smaller, specific dataset, has shown promise in adapting CNNs for diverse 

populations. These techniques make models more robust to environmental variations and improve their global 

 
Despite the accuracy of CNNs, their “black box” nature is a barrier to widespread adoption. Clinicians often need 

making process, as it aids in verifying the reliability of automated diagnoses. 

CAM (Gradient-weighted Class Activation Mapping), which visualizes the regi

an image that most influence the model’s predictions. Such visualizations provide insight into the model’s reasoning, 

allowing clinicians to assess whether a diagnosis aligns with their own evaluations. 

Studies demonstrate that when provided with these interpretability tools, healthcare professionals show increased 

based diagnoses, improving the likelihood of CNNs being integrated into medical practice.
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shown promise in adapting CNNs for diverse 

populations. These techniques make models more robust to environmental variations and improve their global 
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This system is designed to detect and classify skin lesion

using machine learning and convolutional neural networks (CNN). Leveraging datasets such as HAM10000 and ISIC 

2019, it employs advanced CNN architectures (like VGG16, ResNet, and Inception)

transfer learning to enhance model performance.

1. Data Sources: The HAM10000 and ISIC 2019 datasets provide skin lesion images for model training.

2. Authentication: Users authenticate via JWT and tokenization for secure acces

3. Cloudinary: Cloudinary stores user

4. Database: The database keeps user info, images, reports, and chat data.

5. ML & CNN Model: The model uses CNN for skin lesion classification with transfer learning.

6. Feature Extraction: Models like VGG16, ResNet, and Inception extract key image features.

7. Flatten Layer: Converts multi-dimensional data into a 1D array for dense layers.

8. Dense Layers: Layers with 500 and 256 neurons refine extracted features.

9. CNN Classifier: Uses SoftMax, SVM, and average pooling for classification.

10. Classification Output: Classifies lesions as MEL, BCC, SCC, AK, BKL, NV, or Unknown.

11. Lesion Identity & Reports: Generates a report indicating lesion type and malignancy status.

 

Synthesis of Findings from Different Studies

The application of machine learning (ML) and convolutional neural networks (CNNs) in skin cancer detection has 

transformed dermatological practices worldwide, and numerous studies yield complementary insights that advance our 

understanding of the field. Here are some key points synthesized from various research findings:

 Enhanced Diagnostic Accuracy

ResNet, in classifying skin lesions indicates that these models 

scenarios. For instance, models trained on large, diverse datasets have achieved diagnostic accuracies 

exceeding 90%. 

 Data Diversity Challenges: While several models demonstrate exceptional accuracy, their perfo

heavily influenced by the quality and diversity of training data. Existing datasets often lack representation 

across various skin types and ethnicities, leading to potential inadequacies in models applied to 

underrepresented populations. 

 Mitigating Bias Through Augmentation

augmentation techniques. These methods artificially increase the diversity of training data by altering existing 
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IV. ARCHITECTURE 

This system is designed to detect and classify skin lesions, helping identify potential skin cancer types and their severity 

using machine learning and convolutional neural networks (CNN). Leveraging datasets such as HAM10000 and ISIC 

2019, it employs advanced CNN architectures (like VGG16, ResNet, and Inception) for feature extraction, utilizing 

transfer learning to enhance model performance. 

: The HAM10000 and ISIC 2019 datasets provide skin lesion images for model training.

: Users authenticate via JWT and tokenization for secure access. 

: Cloudinary stores user-uploaded images, reports, and data. 

: The database keeps user info, images, reports, and chat data. 

: The model uses CNN for skin lesion classification with transfer learning.

Models like VGG16, ResNet, and Inception extract key image features.

dimensional data into a 1D array for dense layers. 

: Layers with 500 and 256 neurons refine extracted features. 

SVM, and average pooling for classification. 

: Classifies lesions as MEL, BCC, SCC, AK, BKL, NV, or Unknown.

: Generates a report indicating lesion type and malignancy status.

IV. DISCUSSION 

ngs from Different Studies 

The application of machine learning (ML) and convolutional neural networks (CNNs) in skin cancer detection has 

transformed dermatological practices worldwide, and numerous studies yield complementary insights that advance our 

erstanding of the field. Here are some key points synthesized from various research findings: 

Enhanced Diagnostic Accuracy: The overwhelming success of CNN architectures, such as DenseNet and 

ResNet, in classifying skin lesions indicates that these models can surpass human dermatologists in specific 

scenarios. For instance, models trained on large, diverse datasets have achieved diagnostic accuracies 

: While several models demonstrate exceptional accuracy, their perfo

heavily influenced by the quality and diversity of training data. Existing datasets often lack representation 

across various skin types and ethnicities, leading to potential inadequacies in models applied to 

ng Bias Through Augmentation: To counteract data bias, researchers advocate for using data 

augmentation techniques. These methods artificially increase the diversity of training data by altering existing 
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using machine learning and convolutional neural networks (CNN). Leveraging datasets such as HAM10000 and ISIC 

for feature extraction, utilizing 

: The HAM10000 and ISIC 2019 datasets provide skin lesion images for model training. 

: The model uses CNN for skin lesion classification with transfer learning. 

Models like VGG16, ResNet, and Inception extract key image features. 

: Classifies lesions as MEL, BCC, SCC, AK, BKL, NV, or Unknown. 

: Generates a report indicating lesion type and malignancy status. 

The application of machine learning (ML) and convolutional neural networks (CNNs) in skin cancer detection has 

transformed dermatological practices worldwide, and numerous studies yield complementary insights that advance our 

: The overwhelming success of CNN architectures, such as DenseNet and 

can surpass human dermatologists in specific 

scenarios. For instance, models trained on large, diverse datasets have achieved diagnostic accuracies 

: While several models demonstrate exceptional accuracy, their performance is 

heavily influenced by the quality and diversity of training data. Existing datasets often lack representation 

across various skin types and ethnicities, leading to potential inadequacies in models applied to 

: To counteract data bias, researchers advocate for using data 

augmentation techniques. These methods artificially increase the diversity of training data by altering existing  
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images through rotation, flipping, and color adjustments, enhancing model robustness and generalization. 

 Transfer Learning Effectiveness: Implementing transfer learning has proven effective in adapting pre-trained 

models to specific datasets, significantly improving diagnostic accuracy for skin cancer detection across 

diverse populations. This approach allows for leveraging established models, minimizing the need for large 

training datasets. 

 Importance of Interpretability: The need for interpretability in CNN models is critical. Clinicians require 

insights into the decision-making processes of these models to foster trust and facilitate clinical integration. 

Tools like Grad-CAM provide visual explanations of model predictions, bridging the gap between automated 

diagnosis and clinical reasoning. 

 Mobile Diagnostic Applications: The proliferation of mobile applications leveraging CNN models has 

expanded access to skin cancer screenings, particularly in regions with limited healthcare resources. Studies 

demonstrate that applications such as SkinVision effectively increase early detection rates, serving as valuable 

tools for self-assessment. 

 Clinical Validation Necessity: The clinical effectiveness of these applications hinges on rigorous validation 

against established diagnostic standards. Ensuring these tools meet healthcare expectations is essential for their 

acceptance in professional practice. 

 Ethical and Practical Considerations: While advancements in CNNs for skin cancer detection are 

impressive, ongoing validation and standardization of these tools are crucial. Ethical considerations 

surrounding data privacy, model transparency, and informed consent must be addressed to ensure safe and 

effective patient care. 

 Collaboration for Implementation: Collaborative efforts between researchers, clinicians, and policymakers 

are vital to establish guidelines and best practices for deploying ML and CNN tools in dermatology. Such 

collaboration can help streamline integration into clinical workflows. 

 Future Directions: The synthesis of findings across various studies emphasizes the potential of ML and CNN 

technologies to revolutionize skin cancer diagnostics. Future research should focus on addressing existing 

challenges while exploring novel methodologies to enhance model performance and accessibility. 

 Global Health Impact: The advancements in CNN-based tools for skin cancer detection have significant 

implications for global health, especially in underserved populations. By improving early detection and 

diagnosis, these technologies can contribute to better patient outcomes and reduced mortality rates. 

 Continuous Learning and Adaptation: As the field evolves, ML models should be continuously updated and 

refined based on new data and findings. This adaptability will ensure that diagnostic tools remain relevant and 

effective in diverse clinical settings. 

 Cross-Disciplinary Research: Integrating insights from various fields, including computer science, medicine, 

and ethics, will enrich the development of skin cancer detection tools. A multidisciplinary approach can foster 

innovative solutions to existing challenges. 
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V.  CONCLUSION 

The integration of machine learning (ML) and convolutional neural networks (CNNs) into skin cancer detection 

represents a transformative leap in dermatological diagnostics, offering significant improvements in accuracy and 

accessibility. As research continues to validate and refine these technologies, it is evident that they hold the potential to 

outperform traditional diagnostic methods, particularly when trained on diverse and comprehensive datasets. However, 

challenges related to data bias, interpretability, and clinical validation must be addressed to ensure their safe and 

effective application in real-world settings. 

The importance of collaboration among researchers, clinicians, and policymakers cannot be overstated, as it is essential 

for establishing standardized practices that promote the ethical use of these tools. Additionally, ongoing efforts to 

educate healthcare professionals and patients alike will enhance the acceptance and utilization of ML and CNN 

technologies in routine skin cancer screening. 

Looking ahead, the future of skin cancer diagnostics will likely be shaped by continuous advancements in AI 

technologies, further enhancing early detection and intervention capabilities. By addressing existing challenges and 

fostering interdisciplinary research, the healthcare community can harness the full potential of ML and CNNs to 

improve patient outcomes and reduce the global burden of skin cancer. Ultimately, the goal remains clear: to provide 

efficient, accurate, and accessible diagnostic tools that empower both clinicians and patients in the fight against skin 

cancer. 
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