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Abstract— This project proposes a base module with 
a folding network (CNN) for the detection and 
classification of skin diseases using medical imaging. 
The system aims to support early and accurate 
diagnosis of skin infections using deep learning 
techniques. To improve the efficiency of the models, 
K-fold cross-validation is used to allow the network 
to train and validate various data departments 
through training and validation. Additionally, 
hyperparameter turing optimizes the model output 
by adapting key parameters such as learning rate, 
batch size, and network architecture. The final 
model demonstrates high levels of accuracy and 
powerful generalization skills. This reflects the 
potential for real-world clinical application with the 
support of dermatologists who have been diagnosed 
with an efficient and non-invasive diagnosis.  
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I. INTRODUCTION 

 
Skin diseases and skin infections are one of the 
most common health issues affecting people around 
the world, from mild illnesses to serious disorders 
requiring immediate medical intervention. Accurate 
and timely diagnosis is extremely important for 
effective treatment. However, it often relies on the 
knowledge of a dermatologist. This may not be 
easily accessible in the far or sub-supply region.  
 
 

 
 
Given the rapid advances in artificial intelligence and 
deep learning, there is an increased possibility of 
automating diagnostic processes through image-based 
analysis. CNN is extremely effective for image 
recognition tasks as it can automatically extract 
complex features from incoming images. To ensure 
model accuracy and generalization, K-fold 
cross-validation is implemented during training, 
allowing the system to consistently execute several 
data subgroups. Additionally, hyperparameter tuning 
techniques are used to optimize the model architecture 
and training 

 
II. RELATED WORK 

 
A. Deep Learning-Based Skin Disease 
Classification 
CNN achieved accuracy at the dermatologist level in 
identifying melanoma and other skin conditions. 
This study shows the potential of CNNs for the 
classification of diseases in medical images, 
increasing the effectiveness of deep learning in 
dermatology 
 
B. Use of Transfer Learning in Skin Disease 
Detection 
Tschandl et al. (2019) applied transfer learning on 
pre-trained CNN models such as ResNet, VGG, and 
Inception to classify dermatological diseases. 
The model improved accuracy significantly when 
trained on a diverse dataset. 
Suggests that transfer learning can enhance CNN 
performance for skin disease detection, which can 
be considered in your model. 
 
C. Hyperparameter Optimization for CNN in 
Dermatology 
Sreelatha & Anuradha (2020) explored different 
hyperparameter tuning techniques, including Grid 
Search and Bayesian Optimization, to improve 
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CNN accuracy in detecting skin infections. 
Optimized hyperparameters enhanced model 
accuracy and reduced overfitting. 
Aligns with your project’s approach of 
hyperparameter tuning for performance 
optimization. 
 
D. K-Fold Cross-Validation for 5.Skin Disease 
Classification 
Gupta et al. (2021) investigated the impact of k-fold 
cross-validation on CNN-based skin disease 
classification models. 
Cross-validation improved model generalizability 
and prevented overfitting. 
Reinforces the importance of using k-fold 
cross-validation, which is a key component of your 
project 
 

III. METHODOLOGY 
 

1. Data Collection & Preprocessing 
Dataset Source: Publicly available dermatological 
image datasets such as ISIC (International Skin 
Imaging Collaboration), DermNet, or HAM10000 
are used. 
Data Augmentation: To enhance model robustness, 
rotation, flipping, brightness adjustment, and noise 
addition are applied. 
Normalization: Image pixel values are normalized 
to a 0-1 range for faster convergence. 
Resizing: All images are resized to a fixed 
dimension (e.g., 224×224 pixels) to maintain 
uniform input. 
Label Encoding: Skin infections are categorized 
based on classes such as eczema, psoriasis, 
melanoma, acne, etc. 

2. CNN Model Design 

Convolutional Layers: Extract spatial features using 
filters/kernels. 
Activation Function: ReLU (Rectified Linear Unit) is 
applied to introduce non-linearity. 
Pooling Layers: Max-pooling reduces dimensionality 
and computational complexity. 
Fully Connected (FC) Layers: Flattened feature maps 
are connected to dense layers for final classification. 
Softmax Layer: Outputs probabilities for different 
skin disease classes. 

3. Cross-Validation for Robustness 

K-Fold Cross-Validation (typically k=5 or 10) is 
applied to ensure the model is trained on different 

data splits, improving generalization. 
The dataset is divided into k subsets, where the model 
trains on k-1 folds and validates on the remaining 
fold iteratively. 

4. Hyperparameter Tuning 

Learning Rate (e.g., 0.001, 0.0001) – Controls the 
step size in weight updates. 
Batch Size (e.g., 16, 32, 64) – Determines the number 
of samples processed before updating weights. 
Number of CNN Layers & Filters – Adjusting 
network depth for better feature extraction. 
Dropout Rate – Prevents overfitting by randomly 
deactivating neurons. 
Optimizer Selection (Adam, RMSprop, SGD) – 
Determines how the model updates weights. 

5. Model Training & Evaluation 

Accuracy – Measures the overall correctness of 
predictions. 
Precision, Recall, and F1-score – Evaluate model 
performance for each skin disease class. 
Confusion Matrix – Visualizes true positives, false 
positives, and misclassifications. 
ROC-AUC Score – Analyzes how well the model 
distinguishes between classes. 

IV. EXPERIMENTAL ANALYSIS 

1. Dataset training- Dermatological pictures were 
collected and preprocessed using resizing, 
normalization, and augmentation to improve version 
generalization. 

2. CNN version layout- A custom CNN structure was 
built with convolutional, pooling, and dropout layers 
to extract features and prevent overfitting. 

three. go-Validation - five-Fold pass- Validation 
changed into implemented to make certain sturdy 
performance across specific statistics splits, the usage 
of metrics like accuracy and F1-score. 

4. Hyperparameter Tuning - Grid search and Random 
search were used to song mastering fee, batch length, 
and epochs, resulting in optimized overall 
performance. 

5. Last effects - The tuned CNN achieved an 
excessive accuracy 92% and outperformed baseline 
models, proving powerful in detecting diverse pores 
and skin infections. 
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Fig 1: Structure of system 

 

Fig 2: Feedback structure 

 

Fig 3. Sequence Diagram of Admin 

 

Fig 4. Sequence Diagram of User 

V. CONCLUSION 

This project presents a CNN-based dermatological 
disease detection system designed to provide accurate 
and efficient classification of various skin infections 
using deep learning techniques. By incorporating 
k-fold cross-validation and hyperparameter tuning, 
the model ensures robustness, improved 
generalizability, and high accuracy. The experimental 
analysis confirms that transfer learning significantly 
enhances performance, making the system suitable 
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for real-world clinical applications. 

Beyond its technical contributions, this project serves 
an important social purpose. It is specifically 
designed to help individuals who lack access to 
dermatologists, particularly those in rural or 
underserved areas. Additionally, it can act as a 
supportive tool for ward boys, nurses, and healthcare 
workers, enabling them to make informed decisions 
in the absence of a specialist. Furthermore, it 
empowers everyday users who want to understand 
and identify skin diseases at an early stage, ensuring 
timely medical attention and reducing the risk of 
complications. 

By reviewing on early disease detection, this system 
bridges the gap between dermatological expertise and 
accessibility of the system, offering a cost-effective, 
scalable, and user-friendly solution to make 
awareness and timely detection for skin health. 

ACKNOWLEDGEMENT  

We extend our heartfelt gratitude to Dr. S. V. Sonekar 
for his invaluable guidance throughout the process of 
this research. His expertise and insights have been 
instrumental in shaping the direction of this paper. 
From the initial stages of formulating our research 
questions to the final stages of analysis and 
interpretation, Dr. S. V. Sonekar’s mentorship 
provided us with the confidence to explore complex 
concepts and methodologies. His ability to challenge 
our thinking while offering constructive feedback 
encouraged us to delve deeper into our subject matter, 
ultimately enhancing the quality of our work. 
Moreover, Dr. S. V. Sonekar’s unwavering support 
and encouragement motivated us during challenging 
moments in our research journey. His commitment to 
academic excellence and passion for education 
inspired us to push the boundaries of our knowledge 
and strive for the best possible outcomes. We are 
profoundly grateful for the time and effort he 
dedicated to guiding us and for fostering an 
environment conducive to learning and growth. 
Without his mentorship, this paper would not have 
reached its current level of quality and insight. Thank 
you, Dr. S. V. Sonekar, for being an exceptional 
mentor and for your invaluable contributions to our 
academic pursuits. 

 

REFERENCES 

[1] S. Akyeramfo-Sam, A. Philip, D. Yeboah, “A 
Web-Based Skin Disease Diagnosis Using 
Convolutional Neural Networks,” MECS 
International Journal of Information Technology and 
Computer Science, vol. 11, pp. xx-xx, 2019. DOI: 
10.5815/ijitcs.2019.11.06. 

[2] M. Masud et al., “A Lightweight and Robust 
Secure Key Establishment Protocol for Internet of 
Medical Things in COVID-19 Patients Care,” IEEE 
Internet of Things Journal, vol. 8, no. 21, pp. 
15694-15703, Nov. 1, 2021. DOI: 
10.1109/JIOT.2020.3047662. 

[3] Y. Mao and L. Zhang, “Optimization of the 
Medical Service Consultation System Based on the 
Artificial Intelligence of the Internet of Things,” IEEE 
Access, vol. 9, pp. 98261-98274, 2021. DOI: 
10.1109/ACCESS.2021.3096188. 

[4] H. Luo et al., “Hap-pulse: A Wearable 
Vibrotactile Glove for Medical Pulse Wave 
Rendering,” IEEE Transactions on Haptics, vol. 15, 
no. 2, pp. 280-291, Apr.–Jun. 2022. DOI: 
10.1109/TOH.2022.3157832. 

[5] N. Garg et al., “BAKMP-IoMT: Design of 
Blockchain Enabled Authenticated Key Management 
Protocol for Internet of Medical Things 
Deployment,” IEEE Access, vol. 8, pp. 95956-95977, 
2020. DOI: 10.1109/ACCESS.2020.2995917. 

Journal Of Technology || Issn No:1012-3407 || Vol 15 Issue 4

PAGE NO: 22


