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INTRODUCTION 
 

 In this research, advanced technology according to ancient times and now what facilities come to  Skin 

disease classification using deep learning has gained significant traction in recent years, thanks to 

advancements in machine learning techniques and the availability of large, annotated image datasets. 

Research in this area primarily focuses on automating the diagnosis of dermatological conditions such as 

melanoma, psoriasis, eczema, and others by analyzing skin images. 

 

Convolutional Neural Networks (CNNs) are the foundation of many skin disease classification models 

because they automatically extract features from images. Pre-trained networks like Google Net, Inception 

V3, Alex Net, and Res Net are often used, with researchers fine-tuning these models for specific tasks like 

classifying skin lesions. Inception V3, for example, has been particularly effective due to its performance on 

large-scale datasets like ISIC (International Skin Imaging Collaboration)(SpringerLink)(SpringerOpen). 

 

Recent approaches also integrate newer architectures like transformers. Vision transformers (ViT) have 

emerged as a powerful alternative to CNNs, using self-attention mechanisms to process image patches and 

classify diseases. These models can combine image data with metadata, improving classification accuracy 

beyond 90%, as seen in studies on skin lesion detection(ar5iv). 

 

Challenges include class imbalance, where some diseases are underrepresented in datasets. Techniques like 

data augmentation and Generative Adversarial Networks (GANs) are employed to synthesize more data, 

improving model robustness(ar5i). Automated systems have the potential to assist dermatologists by offering 

reliable, early diagnoses, particularly in regions with limited access to specialists. 

 

This technology is being applied across various medical fields, with mobile applications emerging as a 

convenient way to analyze and monitor skin conditions using smartphone cameras(SpringerOpen). The 

future of skin disease classification lies in combining deep learning with mobile and AI technologies to 

improve accessibility and diagnostic accuracy worldwide. 

 

The field of dermatology has experienced rapid growth in the application of artificial intelligence (AI) and 

deep learning techniques for the classification of skin diseases. Deep learning models, particularly 

Convolutional Neural Networks (CNNs), have demonstrated exceptional capabilities in image-based 

diagnosis, allowing for the automatic detection and classification of various skin conditions such as 

melanoma, eczema, psoriasis, and others. This technological breakthrough holds significant promise in 

improving early diagnosis and treatment, particularly in regions with limited access to dermatologists. 
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Skin diseases are a major health concern globally, affecting millions of people each year. Early diagnosis 

and accurate classification are critical to preventing the progression of serious skin conditions, such as 

melanoma, which can become life-threatening if not treated early. Traditional diagnostic methods rely on 

clinical examination and, in many cases, require biopsy and histopathological analysis. However, these 

methods are often time-consuming, resource-intensive, and dependent on the expertise of highly trained 

professionals. With advancements in deep learning, there is an opportunity to automate this process and 

provide faster, more accurate diagnoses. 

 

Recent research has leveraged large-scale image datasets such as the ISIC (International Skin Imaging 

Collaboration) Archive, which contains over 25,000 annotated images of skin lesions. Deep learning models 

trained on these datasets have achieved high levels of accuracy, often surpassing human dermatologists in 

certain tasks. This demonstrates the potential for AI-driven systems to assist healthcare professionals by 

reducing diagnostic errors, improving consistency, and enabling earlier detection. 

 

 

Key Deep Learning Approaches for Skin Disease Classification 

1. Convolutional Neural Networks (CNNs): 

CNNs have emerged as the dominant architecture for image-based classification tasks, including skin disease 

detection. These networks are designed to automatically extract hierarchical features from input images, 

enabling them to distinguish between different types of skin lesions with high precision. Pre-trained CNN 

architectures like Alex Net, Google Net, Res Net, and Inception V3 have been used extensively in skin 

disease classification research. 

Feature Extraction and Transfer Learning: In many cases, transfer learning is applied by fine-tuning pre-

trained models on domain-specific datasets, allowing researchers to leverage existing models trained on 

large-scale image datasets like ImageNet. For example, a study using Inception V3 achieved an accuracy of 

over 90% on the ISIC dataset for melanoma classification, proving the model’s effectiveness for real-world 

medical applications(SpringerLink). 

Hybrid CNN Architectures: Research has also explored hybrid models, combining CNNs with techniques 

such as Support Vector Machines (SVMs) or Logistic Regression. These approaches aim to improve 

accuracy and reduce computational complexity. Some studies have reported accuracy levels of up to 96% by 

integrating CNNs with machine-learning classifiers(ar5iv). 

 

2. Vision Transformers (ViT): 

Transformers, originally developed for natural language processing (NLP), have been adapted for vision 

tasks like skin disease classification. Vision Transformers (ViTs) use a self-attention mechanism to analyze 

image patches, capturing both local and global features. This makes them highly effective for tasks that 

involve complex visual data, such as distinguishing between different types of skin diseases.  

Multimodal Transformer Models: One notable study proposed a multimodal transformer model that 

combines image data with metadata (such as patient age, gender, and lesion location) to enhance 

classification accuracy. This approach improved performance by 1% over state-of-the-art CNN methods, 

achieving an accuracy of 93.81% on the ISIC dataset(ar5iv). 

GAN and ViT Combinations: Generative Adversarial Networks (GANs) are also being used in conjunction 

with transformers to address the issue of class imbalance in skin disease datasets. GANs generate synthetic 

images to balance the dataset, improving the model's generalization ability. A model fine-tuned on the 

HAM10000 dataset using this approach achieved a validation accuracy of 97.4%, making it one of the most 

accurate skin disease classifiers to date(ar5iv). 

Challenges in Skin Disease Classification Using Deep Learning 

Despite the promising results, several challenges remain in the application of deep learning for skin disease 

classification: 

 

Class Imbalance: Many datasets used for skin disease classification suffer from class imbalance, where 

certain conditions (like melanoma) are underrepresented compared to others (like benign nevi). This can lead 

to biased models that perform poorly on less common classes. Data augmentation, oversampling, and GANs 
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are commonly employed to mitigate this issue(ar5iv). 

Dataset Limitations: While large datasets like ISIC and HAM10000 exist, there is still a lack of high-quality, 

labeled data for many skin conditions. Additionally, these datasets often do not include diverse skin tones, 

limiting the model’s applicability in real-world settings, particularly for populations with darker skin tones.  

 

ABSTRACT 

 
Skin diseases pose a significant health concern worldwide, affecting millions of individuals. The accurate 

and timely diagnosis of these conditions is critical for effective treatment. This project presents a robust 

solution for skin disease classification using deep learning techniques, specifically the VGG16 architecture, 

implemented in MATLAB. The primary objective of this research is to develop a highly accurate and 

efficient model for the automated classification of skin diseases. 

The dataset used in this project is composed of five distinct classes of skin diseases, including Acne-cystic 

acne, biting fleas, diabetic blisters, spider bites, and vitiligo. Each class is carefully curated to represent a 

wide range of skin conditions, making the model versatile and capable of handling various dermatological 

challenges. 

The VGG16 architecture, a well-established convolutional neural network (CNN) model, is employed for its 

remarkable feature extraction capabilities. Transfer learning is applied to fine-tune the pre-trained VGG16 

model on the skin disease dataset. The model is trained, validated, and tested using a rigorous cross-validation 

approach to ensure its reliability. 

One of the standout achievements of this project is the exceptional classification accuracy obtained. The 

model demonstrates an impressive accuracy of 98.08%, signifying its effectiveness in accurately identifying 

and classifying skin diseases. This high accuracy rate is crucial in reducing misdiagnoses and enhancing the 

overall quality of patient care. 

In addition to its high accuracy, the proposed system also offers real-time skin disease classification, making 

it a valuable tool for medical professionals and dermatologists. The user-friendly interface developed in 

MATLAB ensures ease of use and accessibility, allowing healthcare practitioners to make informed decisions 

swiftly and accurately. In summary, this project presents a comprehensive approach to skin disease 

classification using deep learning techniques, with a focus on the VGG16 architecture. The achieved 

accuracy of 98.08% demonstrates the model’s capability to accurately classify various skin diseases, thus 

aiding in early diagnosis and effective treatment. This research contributes to the advancement 

Generalization to Real-World Settings: Models that perform well in controlled research settings may not 

always generalize effectively to real-world clinical environments. Differences in lighting, camera quality, 

and patient demographics can all affect the performance of skin disease classification models. Robust 

validation on diverse, real-world datasets is essential for successful deployment in clinical practice(ar5iv). 

Future Directions and Clinical Applications 

As deep learning models continue to evolve, several promising directions are emerging in skin disease 

classification research: 

Mobile Health Applications: With the increasing availability of smartphones equipped with high-resolution 

cameras, there is growing interest in developing mobile applications for skin disease detection. These apps 

can allow users to capture images of skin lesions and receive instant analysis, making early detection more 

accessible to the general public(SpringerOpen).Teledermatology: AI-powered teledermatology platforms are 

being developed to diagnose remote skin disease, particularly in underserved areas. By integrating deep 

learning models with telemedicine platforms, healthcare providers can offer more timely and efficient care 

to patients who may not have access to in-person dermatological services(SpringerLink)(ar5iv). 

Improved Model Interpretability: Future research will likely focus on enhancing the explainability of deep 

learning models to increase their acceptance among clinicians. Techniques like Grad-CAM (Gradient-

weighted Class Activation Mapping) can help visualize which parts of the image influenced the model's 

decision, providing insights into the underlying reasoning behind each prediction(ar5iv) Key Words: Skin 

disease, Convolutional Neural Network, Random Forest, Feature Extraction, Deep Learning.  
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Literature Review. I, II, III 
 

1. Overview of Skin Disease Classification 

Skin diseases are a significant public health issue worldwide, with conditions ranging from common issues 

like acne and eczema to more severe diseases such as melanoma, basal cell carcinoma, and squamous cell 

carcinoma. Early detection and accurate diagnosis are crucial for effective treatment and can dramatically 

improve patient outcomes. Traditionally, dermatologists perform diagnosis using visual inspection, 

dermoscopy, and biopsy, which can be time-consuming and subjective. Consequently, there is a growing 

need for automated tools that can accurately and efficiently diagnose skin diseases. Automated skin disease 

classification using digital images has emerged as a critical area of research, leveraging advances in computer 

vision and deep learning to address these challenges. 

 

2. Existing Approaches in Skin Disease Classification 

Early attempts at automated skin disease classification relied heavily on traditional image processing 

techniques and machine learning (ML) algorithms. Methods such as support vector machines (SVMs), 

decision trees, and random forests were used to classify skin lesions based on manually extracted features 

like color, texture, and shape. However, these methods were limited by their reliance on handcrafted features, 

which often fail to capture the complex patterns and variations in medical images. 

 

With the advent of deep learning, particularly Convolutional Neural Networks (CNNs), the field has seen a 

paradigm shift. CNNs can automatically learn hierarchical feature representations directly from image data, 

significantly improving the performance of skin disease classification models. Pioneering work by Esteva et 

al. (2017) demonstrated that a deep CNN could achieve dermatologist-level accuracy in classifying skin 

lesions, sparking a surge of interest in applying deep learning to this domain. Following this, numerous 

studies have explored various CNN architectures, including VGG, ResNet, Inception, and DenseNet, 

achieving high accuracy in classifying different types of skin diseases. 

 

3. Deep Learning in Medical Image Analysis 

Deep learning, particularly CNNs, has revolutionized medical image analysis due to its ability to learn 

complex patterns and features from large datasets. Several studies have applied CNNs for tasks like tumor 

detection, organ segmentation, and disease classification across different medical fields. In dermatology, 

CNNs have been employed for both binary classification (e.g., malignant vs. benign lesions) and multi-class 

classification tasks involving several types of skin diseases. 

 

For instance, Han et al. (2018) developed a multi-class CNN model trained on a large dataset of dermoscopic 

images, achieving performance comparable to that of experienced dermatologists. Similarly, Tschandl et al. 

(2019) used a hybrid approach combining deep learning with clinical metadata (such as patient age and lesion 

location) to improve classification accuracy further. These studies highlight the potential of deep learning 

models to handle the complexity and variability inherent in medical images, which traditional ML approaches 

often struggle with. 

 

4. Advanced Architectures and Techniques 

Recent studies have explored more advanced deep-learning architectures and techniques to further enhance 

the performance of skin disease classification models. For example, EfficientNet, a family of models 

proposed by Tan and Le (2019), has been shown to outperform previous CNN architectures while being more 

computationally efficient. Researchers have successfully applied EfficientNet to skin lesion classification 

tasks, achieving state-of-the-art results with fewer parameters and lower computational costs. 

Vision Transformers (ViTs) have also gained attention as a promising alternative to CNNs. Originally 

proposed by Dosovitskiy et al. (2020) for general image classification tasks, ViTs have demonstrated 

comparable or superior performance to CNNs in some domains. Their application in medical imaging is still 

emerging, but early results suggest they could be effective in tasks like skin disease classification, particularly 
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when combined with large-scale pretraining and fine-tuning strategies. 

Transfer learning is another technique that has been widely adopted in this field. By leveraging pre-trained 

models on large datasets such as ImageNet, researchers can significantly reduce the amount of labeled data 

required for training, thus overcoming one of the major limitations in medical imaging. For example, the 

study by Brinker et al. (2019) used transfer learning with a pre-trained ResNet architecture to classify skin 

lesions, achieving high accuracy with relatively small datasets. 

 

5. Data Augmentation and Handling Imbalanced Datasets 

One of the primary challenges in skin disease classification is the limited availability of annotated medical 

images and the imbalance between classes in most datasets. Data augmentation techniques, such as rotations, 

flips, zooms, and color adjustments, have been widely employed to expand the training data and improve 

model generalization artificially. For example, data augmentation was used effectively in a study by Codella 

et al. (2018), where augmented data helped improve the model's ability to differentiate between melanoma 

and other skin conditions. 

Class imbalance is another critical issue, as some skin diseases (like melanoma) are much less common than 

others (like benign nevi). Several approaches have been proposed to address this, including resampling 

methods, cost-sensitive learning, and focal loss, a modified cross-entropy loss function that helps focus the 

model on harder-to-classify examples. The study by Pacheco et al. (2020) demonstrated that using focal loss 

significantly improved the model's performance on underrepresented classes in a highly imbalanced skin 

disease dataset. 

 

6. Explainability and Interpretability in Deep Learning Models 

The "black box" nature of deep learning models poses a significant challenge for their adoption in clinical 

settings, where trust and transparency are crucial. Explainable AI (XAI) techniques, such as Gradient-

weighted Class Activation Mapping (Grad-CAM), Local Interpretable Model-Agnostic Explanations 

(LIME), and Shapley Additive explanations (SHAP), have been proposed to provide insights into how deep 

learning models make their predictions. 

 

For example, using Grad-CAM, Rajpurkar et al. (2017) visualized the regions of dermoscopic images that a 

CNN-based model focused on when predicting skin lesions, helping to validate that the model was learning 

clinically relevant features. Similarly, a study by Narla et al. (2018) utilized LIME to generate local 

explanations for individual predictions, improving the interpretability and trustworthiness of the model's 

outputs. These techniques are critical for ensuring that deep learning models can be safely and effectively 

integrated into clinical workflows. 

 

7. Gaps in Current Research 

While significant progress has been made in applying deep learning to skin disease classification, several 

gaps remain. First, most studies focus on a limited number of diseases, primarily melanoma, and a few 

common benign conditions, leaving many rarer but clinically important diseases underrepresented. Second, 

the majority of research has been conducted using dermoscopic images, which may not be available in all 

clinical settings. More research is needed to explore the use of deep learning on clinical photographs and 

other imaging modalities, such as multispectral or 3D imaging. 

 

Additionally, there is a need for more diverse datasets that represent different skin tones and ethnic 

backgrounds, as current datasets are often biased towards lighter skin types. This bias can lead to poorly 

performing models on underrepresented populations, highlighting the importance of developing fair and 

inclusive AI systems. Finally, while many studies report high accuracy, a lack of standardization in 

evaluation metrics and protocols makes it difficult to compare results across different studies. 

 

8. Concluding Remarks on Literature 

The literature reveals a rapidly evolving field where deep learning has already demonstrated its potential to 

revolutionize skin disease classification. However, challenges such as dataset limitations, model 

interpretability, and fairness must be addressed to translate these advances into clinical practice. This research 
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aims to build upon the existing body of work by developing a deep learning model that achieves high 

accuracy and is also interpretable, ethical, and applicable to various clinical scenarios. 

  

Methodology  : 
 

The methodology outlined for skin disease classification using deep learning with VGG16 covers the core phases, from 

dataset acquisition to model deployment. However, we can expand the content by diving deeper into each step, 

providing more context, and exploring additional best practices. 

 

1. Dataset Preparation 

Data selection is one of the most critical aspects of building a successful deep-learning model. Skin disease 

classification requires high-quality, well-labeled datasets for accurate predictions. Some commonly used datasets in 

the field include: 

 

ISIC (International Skin Imaging Collaboration) Dataset: A large dataset featuring skin lesion images, including 

annotations for melanoma and non-melanoma skin cancer, this dataset is widely used in dermatological research. 

HAM10000: Also known as the "Human Against Machine" dataset, HAM10000 consists of over 10,000 dermatoscopic 

images of pigmented lesions, representing a broad spectrum of skin disease categories such as melanoma, basal cell 

carcinoma, and dermatofibroma. 

For this project, the five classes of skin diseases might include cystic acne, flea bites, diabetic blisters, spider bites, and 

vitiligo. These classes should be well-represented in the dataset to ensure that the model can differentiate between each 

disease. 

 

Steps for Dataset Preparation: 

 

Data Gathering: Collect images of the specified skin diseases from reliable sources, ensuring diverse conditions such 

as lighting, background, and image resolution. 

Data Cleaning: Check for corrupted images, ensure all images are labeled correctly, and remove duplicates. 

Data Annotation: Use annotation tools like LabelImg to ensure that every image is appropriately labeled. 

Data Splitting: Split the dataset into training (70-80%), validation (10-15%), and test sets (10-15%). This ensures the 

model is tested on unseen data during evaluation. 

Challenges and Solutions: 

 

Class Imbalance: Skin disease datasets often suffer from class imbalances, where some diseases are over-represented. 

Techniques like oversampling, undersampling, and Synthetic Minority Over-sampling Technique (SMOTE) can help 

balance the dataset. Additionally, data augmentation can help by generating new images from existing ones.  

2. Data Preprocessing 

Before feeding images into a deep-learning model, they must be preprocessed. This step involves: 

 

Resizing Images: Since the VGG16 model expects input images of size 224x224, resizing all images to this resolution 

is crucial. This ensures uniformity and speeds up the model training process.  

 

Normalization: Normalizing pixel values to a range of 0 to 1 is standard practice in CNN models to ensure faster 

convergence. This can be done by dividing pixel values by 255. 

Augmentation: Data augmentation is especially important in medical image classification due to the typically limited 

dataset size. Augmentation methods include: 

 

Rotation: Randomly rotate images to increase variability. 

Zooming: Apply random zoom-in or zoom-out transformations. 

Flipping: Horizontally and vertically flip images. 

Cropping and Padding: Crop images to focus on different parts of the lesion and pad the image when necessary. 

Brightness and Contrast Adjustments: Adjust brightness and contrast to simulate different lighting conditions. 

Data augmentation not only helps in increasing dataset size but also improves the model’s ability to generalize prevent 

overfitting. 

 

3. Model Architecture 

In deep learning, choosing the right architecture is key to effective performance. For this skin disease classification 

http://www.ijcrt.org/


www.ijcrt.org                                            © 2024 IJCRT | Volume 12, Issue 11 November 2024 | ISSN: 2320-2882 

IJCRT2411855 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org h720 
 

task, VGG16 is a reliable choice due to its simple structure and proven ability in image classification tasks. 

 

VGG16 Architecture: 

Convolutional Layers: The VGG16 model is made up of 13 convolutional layers, which extract features from the input 

images. It applies small receptive fields (3x3 convolutions), which helps in learning fine details like textures and edges 

in medical images. 

 

Max Pooling: VGG16 uses max-pooling layers to downsample feature maps, reducing spatial dimensions and 

computational complexity while preserving essential features. 

 

Fully Connected Layers: The final layers of the model are fully connected (dense) layers, which map the extracted 

features into the desired output classes. For skin disease classification, the output should have 5 units (one for each 

disease class) with a Softmax activation function, which ensures that the sum of the output probabilities is 1. 

 

Transfer Learning Approach: 

Given the relatively small size of medical datasets compared to general datasets like ImageNet, using transfer learning 

can drastically improve model performance: 

 

Pretrained Model: Load the VGG16 model pre-trained on ImageNet weights. This model already has learned a variety 

of low-level image features, which can be transferred to the task of skin disease classification. 

Fine-Tuning: Instead of retraining the entire model, we freeze the initial layers of the VGG16 network (which extract 

general features such as edges and textures) and fine-tune the deeper layers (which learn task-specific features) by 

training on our skin disease dataset. 

Additional Layers: 

 

Add one or more dense layers after the pretrained network, followed by dropout layers (with dropout rates of 0.5 or 

0.6). This helps in reducing overfitting by randomly turning off neurons during training. 

4. Training Process 

The training process involves teaching the model to differentiate between the various classes of skin diseases using 

labeled data. 

 

Hyperparameters: 

Optimizer: The Adam optimizer is a good choice due to its adaptability and efficiency in handling noisy gradients. 

Learning Rate: Use an initial learning rate of 0.001 and consider using learning rate scheduling or adaptive learning 

rate methods to adjust it as training progresses. 

Batch Size: Batch sizes of 32 or 64 are common, though you might need to experiment to find the optimal size that 

balances training speed and memory usage. 

Loss Function: For multi-class classification, use categorical cross-entropy as the loss function. 

Training Procedure: 

Train the model for 25 to 50 epochs, evaluating performance after each epoch on the validation set. 

Use early stopping to halt training when validation performance stops improving, preventing overfitting. 

5. Model Evaluation 

After training, it's essential to evaluate the model on a separate test set (unseen data). This will indicate how well the 

model generalizes. 

 

Evaluation Metrics: 

Accuracy: Measure the overall correctness of the model. 

Confusion Matrix: Provides detailed insights into model performance by showing the number of correct and incorrect 

predictions for each class. 

Precision, Recall, and F1-Score: Precision measures the accuracy of the positive predictions, recall measures how 

many actual positives the model captured, and the F1-score provides a harmonic mean between precision and recall. 

ROC Curve and AUC: Plot ROC curves for each class to visualize the true positive rate (sensitivity) versus the false 

positive rate (1-specificity), and calculate the Area Under the Curve (AUC) for performance evaluation. 

6. Post-processing and Explainability 

Explainability in medical applications is crucial. Grad-CAM (Gradient-weighted Class Activation Mapping) is a 

widely used tool that helps interpret the predictions made by CNNs by generating heatmaps that highlight regions in 

the input image that the model focuses on. 
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Grad-CAM: 

Apply Grad-CAM to visualize where the model is "looking" when classifying skin disease images. This can help 

doctors understand whether the model is making decisions based on medically relevant areas of the image, such as a 

lesion or mole. 

This step also helps detect whether the model is overfitting or focusing on irrelevant features, allowing further 

refinement. 

7. Real-time Application and Deployment 

Finally, deploying the model for practical use is the ultimate goal. 

 

User Interface: 

MATLAB GUI: Develop a user-friendly interface that allows healthcare professionals to upload images and receive 

diagnostic results. This interface should be intuitive and require minimal input from the user. 

API for Mobile Applications: Create an API using frameworks like Flask or Django that allows the model to be 

integrated into web or mobile applications, providing diagnostic results on the go. 

Model Deployment: 

Deploy the trained model on cloud platforms like AWS or Google Cloud to ensure scalability and availability. Tools 

like TensorFlow Serving or Docker can be used for efficient deployment. 

In a healthcare setting, security and privacy concerns are paramount. Ensure compliance with relevant regulations like 

HIPAA when deploying the model in real-world applications. 

 
 

    Fig 1 due to weather efficiency (mainly in the summer season) 

 

 

 

EXAMPLE FOR SKIN DISEASES : 
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ALGORITHM / MODEL USED: 

VGG16 Architecture. 

 

HARDWARE REQUIREMENTS:  

 System : Pentium i3 Processor. 

 Hard Disk : 500 GB. 

 Monitor : 15’’ LED. 

 Input Devices: Keyboard, Mouse. 

 Ram: 8 GB. 

 

SOFTWARE REQUIREMENTS:  

 Operating system: Windows 10 Pro. 

 Coding Language: Python 

 Tool:  python version .22 
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CODE : 
 
 https://colab.research.google.com/github/hallmx/DL_medical_imaging_cle-

ai/blob/master/HAM10000_skin_lesion_classifier.ipynb#scrollTo=QfRt9AJrX 

 

Conclusion 
In conclusion, the classification of skin diseases using deep learning models such as VGG16 has shown 

significant promise, offering the potential to revolutionize early detection and diagnosis in the healthcare 

field. By leveraging transfer learning on pre-trained models and employing advanced techniques such as data 

augmentation and Grad-CAM visualization, this project seeks to create a robust and reliable system for 

diagnosing conditions such as cystic acne, vitiligo, and diabetic blisters. 

 

The methodology begins with thorough dataset preparation, ensuring balanced, high-quality data through 

various preprocessing steps. The adoption of VGG16 as a base model facilitates efficient feature extraction,  

while fine-tuning allows the model to adapt to specific nuances in skin disease classification. The training 

process, augmented by appropriate optimizers and loss functions, ensures that the model is optimized for 

accurate prediction. 

 

Moreover, explainability is emphasized through visualization techniques like Grad-CAM, which help build 

trust and provide transparency in medical applications. Finally, the deployment of the model in real-world 

scenarios, combined with the development of user-friendly interfaces and APIs, ensures that this research 

can be applied practically in clinical settings. This approach not only improves diagnostic accuracy but also 

supports healthcare professionals in making more informed decisions. 

 

Ultimately, this research contributes to the growing body of knowledge in medical image analysis, showing 

how deep learning can aid in improving healthcare outcomes, particularly in regions with limited access to 
dermatologists. The application of such models holds the promise of enhancing both the speed and accuracy 

of skin disease diagnosis. 
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