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Abstract: Skin diseases pose significant challenges in healthcare, emphasizing the need for efficient and
accurate diagnostic tools. This project explores the application of deep learning, specifically Convolutional
Neural Networks (CNNs), for automated skin disease detection. HAM10000 dataset sourced from Kaggle
will be utilized to train and evaluate the model. To enhance feature extraction, a series of image processing
techniques, including magnification and filtering, will be applied. This project contributes to the growing
body of research in medical image analysis, emphasizing the significance of deep learning in dermatological
diagnostics.

Index Terms — Deep Learning, CNN Architecture, Image Processing, Skin Disease Classification,
HAM10000 datasets.

|. INTRODUCTION

Skin diseases, ranging from relatively benign conditions to potentially life-threatening cancers, pose a
significant public health concern globally. Among these conditions, skin cancer, which includes basal cell
carcinoma, melanoma, intraepithelial carcinoma, and squamous cell carcinoma, is of particular concern due
to its rising incidence. As the prevalence of skin cancer continues to increase, there is an urgent need for
innovative diagnostic approaches to mitigate the associated morbidity and mortality.

In India, where skin cancer affects a considerable portion of the population, early detection assumes
paramount importance for improving patient outcomes and reducing the burden on healthcare systems.
Despite notable advances in medical technology, the diagnosis of skin diseases remains challenging, often
relying on subjective assessments by dermatologists.

Subjectivity in diagnosis can lead to variability in treatment approaches and may result in delayed or
inaccurate diagnoses, highlighting the need for more objective and standardized diagnostic methods.
Computer-aided diagnostic (CAD) systems have emerged as promising tools to complement traditional
diagnostic methods in dermatology. By leveraging artificial intelligence (Al) techniques, particularly deep
learning, these systems can analyze medical images with unprecedented accuracy and efficiency.

Deep learning, a subset of Al, has revolutionized medical imaging by enabling the automatic extraction of
complex features from large datasets. Unlike traditional CAD systems that rely on handcrafted features, deep
learning models can learn hierarchical representations directly from raw data. The capability enhances their
ability to generalize across diverse skin diseases and improves diagnostic accuracy. The advent of deep
learning has paved the way for the development of more robust and adaptable CAD systems in dermatology.
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Il. PROBLEM DEFINITION

Skin diseases pose a significant health concern globally, with various conditions affecting individuals
across different demographics. Timely and accurate diagnosis is crucial for effective treatment, yet the
shortage of dermatologists and the increasing number of cases make it challenging to provide prompt care.

With the help of learning patterns and characteristics, the system will be able to accurately diagnose skin
lesions from input photos. This project's main goal is to develop a reliable and effective system that uses
automated picture analysis to help medical professionals diagnose different skin conditions. The objective is
to decrease the amount of time needed for manual examination and improve diagnosis accuracy by utilizing
deep learning.

I11. SOLUTION STRATEGY

Using a Convolutional Neural Network (CNN) architecture, specifically the ResNet50 model, offers
significant potential to enhance the accuracy and reliability of skin disease detection. ResNet50 is a deep
learning model renowned for its effectiveness in image recognition tasks due to its deep architecture and skip
connections that mitigate the vanishing gradient problem. By leveraging ResNet50, we aim to improve the
model's ability to accurately classify skin diseases, thereby enhancing diagnostic capabilities.

Before training the CNN model, the dataset was organized meticulously to optimize training efficiency.
Following dataset splitting into train, validation, and test sets, a renaming process was implemented to ensure
unique filenames within each class and split. This systematic organization facilitates seamless data handling
and prevents any potential data leakage between sets, ensuring the integrity of the training process.

Furthermore, data augmentation techniques were employed to augment the dataset and enhance model
generalization. Techniques such as rescaling, zoom range adjustment, horizontal and vertical flipping,
rotation, height shifting, and brightness adjustment were applied to introduce variations in the input data.
This augmentation strategy enables the model to learn robust features from diverse data instances, improving
its ability to generalize to unseen samples and enhancing overall performance.

Additionally, data normalization using methods like min-max scaling was employed as a critical
preprocessing step. Normalizing the feature values to a common range enhances convergence during training
and reduces data redundancy, thereby improving the efficiency and effectiveness of the model. By ensuring
consistent data representation across features, normalization aids in optimizing the learning process and
enhances the model's ability to extract meaningful patterns from the data.

IV. IMPLEMENTATION DETAILS
41 ALGORITHMS

4.1.1 Algorithm for Image Augmentation:

Step 0: Start
Step 1: Load the original image dataset.
Step 2: Define augmentation techniques and parameters.
Step 2.1: Specify augmentation techniques such as rotation, flipping, scaling, translation, etc.
Step 3: Iterate over each original image in the dataset.
Step 4: Apply augmentation techniques to each image.
Step 4.1: Randomly select augmentation parameters (e.g., angle for rotation, scale factor for scaling).
Step 4.2: Apply selected augmentation techniques to the image.
Step 5: Save augmented images to a new dataset or directory.
Step 6: Repeat steps 3-5 until desired augmentation level is achieved or dataset size is sufficient.
Step 7: Optionally, shuffle the augmented dataset.
Step 8: Use the augmented dataset for training or evaluation purposes.
Step 9: Stop
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4.1.2 Algorithm for Overall Model Training:

Step 0: Start
Step 1: Prepare the dataset.
Step 1.1: Load the dataset.
Step 1.2: Preprocess the data (e.g., normalization, resizing, data augmentation).
Step 1.3: Split the dataset into training, validation, and test sets.
Step 2: Define the architecture of the deep learning model.
Step 2.1: Choose the type of model (e.g., CNN, RNN, Transformer).
Step 2.2: Define the layers of the model (e.g., convolutional layers, pooling layers, dense layers).
Step 2.3: Configure the model parameters (e.g., number of layers, number of neurons per layer,
activation functions).
Step 3: Compile the model.
Step 3.1: Specify the loss function (e.g., categorical cross-entropy, mean squared error).
Step 3.2: Choose an optimizer (e.g., SGD, Adam).
Step 3.3: Define evaluation metrics (e.g., accuracy, precision, recall).
Step 4: Train the model.
Step 4.1: Feed training data into the model.
Step 4.2: Adjust model parameters using backpropagation and optimization algorithms.
Step 4.3: Validate the model performance on the validation set during training.

Step 4.4: Monitor training metrics (e.g., loss, accuracy) to ensure convergence and detect overfit

Step 5: Evaluate the trained model.
Step 5.1: Assess model performance on the test set.
Step 5.2: Calculate evaluation metrics (e.g., accuracy, precision, recall).
Step 5.3: Analyze model errors and potential areas for improvement.
Step 6: Fine-tune the model.
Step 6.1: Adjust hyperparameters (e.g., learning rate, batch size).
Step 6.2: Experiment with different architectures or regularization techniques.
Step 6.3: Retrain the model on the entire dataset or with different data splits.
Step 7: Deploy the trained model.
Step 7.1: Integrate the model into an application or system.
Step 7.2: Optimize the model for inference speed and resource efficiency:.
Step 7.3: Test the deployed model in a real-world environment.
Step 8: Stop

4.1.3 Algorithm for Streamlit Web Deployment:

Step 0: Start
Step 1: Set up the Streamlit application.
Step 1.1: Import the necessary libraries, including Streamlit and TensorFlow.
Step 1.2: Define the layout of the application, including input elements such as file uploader and
output display areas.
Step 2: Load the saved .h5 model.
Step 2.1: Specify the path to the directory where the .h5 model is saved.
Step 2.2: Load the model using TensorFlow's load_model function.
Step 2.3: Ensure that the loaded model is compatible with the input image size and format.
Step 3: Define the function to preprocess the input image.
Step 3.1: Accept the uploaded image file as input.
Step 3.2: Preprocess the image (e.g., resize, normalize) to match the requirements of the model.
Step 3.3: Return the preprocessed image as a NumPy array.
Step 4: Define the function to make predictions using the loaded model.
Step 4.1: Accept the preprocessed image as input.
Step 4.2: Use the loaded model to predict the class probabilities for the input image.
Step 4.3: Return the predicted class label and associated probabilities.
Step 5: Create the Streamlit app components and interactions.
Step 5.1: Add a file uploader to allow users to upload an image.
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Step 5.2: Display the uploaded image to the user.
Step 5.3: When the user uploads an image, preprocess it and make predictions using the defined
functions.
Step 5.4: Display the predicted class label and associated probabilities to the user.
Step 6: Run the Streamlit application.
Step 6.1: Use the streamlit run command to run the application script.
Step 6.2: Open the application URL in a web browser to interact with the GUI.
Step 7: Stop

4.2 SKIN DISEASE DATASET

For this research paper ,the open-access Skin Disease dataset [10] available at Kaggle :Skin cancer:
HAM10000 (kaggle.com) was used. The skin disease dataset comprises many classes, but in paper, only
three classes were used: Acne, Atopic, and Basal Cell Carcinoma (BCC). Each class is represented by a
distinct set of samples, with Acne containing 1611 samples in the training data, 72 samples in the validation
data, and 68 samples in the testing data. Similarly, the Atopic class consists of 1557 samples in the training
set, 70 in the validation set, and 67 in the testing set. The Basal Cell Carcinoma class comprises 1605
samples in the training set, 68 in the validation set, and 70 in the testing set. In total, the dataset contains 4773
samples for training, 210 for validation, and 205 for testing, across all three classes. This distribution ensures
a balanced representation of each class across the training, validation, and testing datasets, enabling
comprehensive model training and evaluation.

Name of Samples Training Data Validation Data Testing Data
Acne 1611 72 68
Atopic 1557 70 67 . .
Table-1: Skin Disease Dataset
Basal Cell Carcinoma(BCC) 1605 68 70
Total 4773 210 205

V. RESULTS AND DISCUSSION

For model architecture and optimization, the ResNet50 model was selected due to its proven effectiveney 3

image recognition tasks. Adam was chosen as the optimizer, with a learning rate set to 0.001 to facilitate
effective model training. Additionally, image preprocessing techniques were applied, including rescaling
images with a factor of 1./255 and activating the Softmax function to-introduce non-linearity into the
model's computations. The target size for images was set to (244, 244, 3) in RGB format to standardize
input dimensions.

Number of original training images per ¢

acne: 1611

atopic:

Number of origin
acne: 68

d(.\pp «: &

Figure 1: Splitting of datasets
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The training configuration was optimized to ensure efficient convergence and prevent overfitting. Early
stopping was implemented with a patience of 10 epochs to halt training if no improvement in validation loss
was observed. The total number of epochs was set to 100 to allow the model to learn complex patterns in the

data effectively.

Upon completion of training, the model's performance was evaluated. Training stopped at epoch 12, with
the ResNet50 model achieving a training accuracy of 97.34% and a loss of 0.0750. The validation accuracy
at this point was 89.52%, with a validation loss of 0.4215. The obtained results indicate significant
improvements in accuracy compared to the VGG16 model, highlighting the effectiveness of the ResNet50
architecture in classifying skin diseases accurately.

Figure 3: Net Accuracy of Trained Datasets
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Graph plotting was utilized to visualize the training and validation performance over epochs. The training
and validation accuracy graphs depict a steady increase in accuracies, with a slight gap between the two,
indicating some degree of overfitting. However, the model demonstrates good generalization as evidenced
by the relatively high validation accuracy. Similarly, the training and validation loss graphs illustrate
consistent decreases in loss over epochs, with some fluctuations observed. Despite overfitting, the validation
loss remains relatively low, affirming the model's ability to generalize well to unseen data.

Training and Vabdation Loss
Training and Validation Accuracy

— train

val

Loss

o

Accuracy

0.80

Figure 4: Graph between Training Accuracy Figure 5: Graph between Training Loss
VIS Validation Accuracy VIS Validation Loss

A thorough analysis of evaluation metrics further corroborated the model's efficacy. With an achieved test
accuracy of 81.9%, the model demonstrated a commendable ability to correctly classify samples within the
test set. Precision, recall, and F1 score metrics provided additional insights into the model's performance,
with values of 84.78%, 81.9%, and 81.14% respectively.

Figure 6: Evaluation Metrices
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Figure 7: Confusion Matrix of Test Set
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Confusion matrices were meticulously examined to gain deeper insights into the model's classification
capabilities. Across test, train, and validation sets, the matrices revealed the model's proficiency in correctly
identifying true positives while minimizing false positives and false negatives. The confusion matrix of the

test set reveals the model's performance in classifying skin disease instances across different classes. In

Class 0, a total of 66 instances were correctly classified as Class 0 (true positives), with only 2 instances
incorrectly predicted as Class 1 (false positives) and no instances misclassified as Class 2. Moving to Class
1, the model correctly identified 45 instances as Class 1 (true positives), but mistakenly labeled 12 instances
as Class 0 (false negatives) and 10 instances as Class 2 (false positives). Lastly, in Class 2, the model
correctly predicted 66 instances as Class 2 (true positives), while misclassifying 1 instance as Class 0 and 3
instances as Class 1 (false negatives).

The confusion matrix of the train set provides insights into the model's performance in classifying skin
diseases across different classes. In Class 0, a total of 1079 instances were correctly classified as Class 0
(true positives), while 250 instances were incorrectly predicted as Class 1 (false positives), and 282
instances were incorrectly predicted as Class 2 (false positives). Moving to Class 1, the model correctly
identified 1002 instances as Class 1 (true positives), but mistakenly labeled 255 instances as Class O (false
negatives), and 300 instances as Class 2 (false positives). Lastly, in Class 2, the model correctly predicted
1080 instances as Class 2 (true positives), while misclassifying 250 instances as Class 0 (false negatives)
and 275 instances as Class 1 (false negatives).

Confusion Matrix

Confusion Matrix

Class 0

Class 1

True label
True label

Class 0 Class 1 Class 2 Class 0 Class 1 Class 2
Predicted label Predicted label

Figure 8: Confusion Matrix of Train Set Figure 9: Confusion Matrix of Validation Set

The confusion matrix of the validation set offers insights into the model's performance in classifying skln

diseases across different classes. In Class 0, 69 instances were correctly classified as Class 0 (true positi

with only 3 instances incorrectly predicted as Class 1 (false positives) and no instances misclassified 6

Class 2. Moving to Class 1, the model correctly identified 53 instances as Class 1 (true positives), but
mistakenly labeled 12 instances as Class O (false negatives) and 5 instances as Class 2 (false positives).
Lastly, in Class 2, the model correctly predicted 65 instances as Class 2 (true positives), while
misclassifying only 1 instance as Class 0 and 2 instances as Class 1 (false negatives). A pivotal aspect of the
project involved predicting the class of skin diseases from images. Leveraging TensorFlow's Keras API and
pre-trained models, the prediction process was streamlined and efficient. Notably, an image depicting basal
cell carcinoma (bcc) was accurately classified with an 85% probability, underscoring the model’s aptitude in
real-world applications.
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After that, a user-friendly graphical user interface (GUI) was created. Streamlit stands out as one of the
latest and fastest Python-based model deployment tools, extensively employed here to structure the
functionalities of the interface. After training the neural network, the optimal model was saved as a .h5 file.
GUI is deployed locally on localhost 8080, allowing users to access it through their web browsers on their
own machines.

The GUI presents a title "Skin Disease Prediction™ and allows users to upload an image file (in JPG, JPEG,
or PNG format) through a file uploader widget. Once the user uploads an image, it's displayed on the
interface with its caption, allowing users to verify the uploaded image. After uploading, the interface
indicates that the classification process is ongoing. Meanwhile, the uploaded image undergoes preprocessing
to prepare it for prediction. Once the prediction is complete, the predicted skin disease class and its
corresponding probability are displayed on the interface . In this case, it correctly predicted the given image
as "atopic"” with a probability of 83 percent.

Skin Disease Prediction

Figure 11: Streamlit Web

Application predicting the

class and its probability of
belonging in that class
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VI. CONCLUSION

Deep learning models were employed to diagnose skin diseases utilizing the HAM10000 dataset obtained
from Kaggle. Initially, we employed the VGG16 architecture alongside the Adam optimizer, yielding
moderate training and validation accuracies of 38.70% and 41.42%, respectively. However, transitioning to
the ResNet50 architecture with the SGD optimizer while focusing on specific classes—basal cell cancer,
acne, and atopic—resulted in substantial enhancements. This adjustment notably improved both training and
validation accuracies to 86.78% and 79.52%, respectively.

Further refining our approach, we optimized the ResNet50 model with the Adam optimizer, leading to
remarkable progress. After this optimization, the model achieved notable training and validation accuracies
of 97.34% and 89.52%, respectively. This shift not only underscored the importance of optimizer selection
but also highlighted the robustness of the ResNet50 architecture in our skin disease diagnosis framework.

Moreover, beyond its superior accuracy, ResNet50 exhibited efficiencies in terms of training time and epoch
requirements, demonstrating its efficacy in real-world application scenarios. Its ability to achieve higher
accuracy with fewer epochs signifies its potential to expedite diagnosis processes while maintaining
diagnostic precision. Additionally, ResNet50 showcased better generalization, as evidenced by the reduced
gap between training and validation metrics, indicating its capability to generalize well to unseen data.

In summary, our journey from VGG16 to ResNet50 underscored the significance of model architecture and
optimizer selection in skin disease diagnosis. Not only did ResNet50 substantially improve accuracy
metrics, but it also exhibited efficiency gains and superior generalization capabilities. These findings
position ResNet50 as a promising candidate for scalable and accurate skin disease diagnosis systems, poised
to make a significant impact in clinical settings and beyond.
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