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Abstract— Dermatological conditions represent a 

significant portion of global healthcare challenges, often 

characterized by high diagnostic complexity and a 

shortage of specialized practitioners in rural or 

underserved regions. Traditional clinical diagnosis relies 

heavily on visual inspection, which is prone to human 

error and subjective interpretation. This research 

proposes an automated, high-precision framework for 

the classification of various skin diseases including 

Melanoma, Basal Cell Carcinoma, and Psoriasis utilizing 

Convolutional Neural Networks (CNN). The proposed 

model leverages the HAM10000 dataset, comprising 

thousands of multi-source dermatoscopic images, to train 

a deep learning architecture optimized for feature 

extraction and pattern recognition. 

The methodology involves multi-stage image 

preprocessing, including noise reduction, hair removal 

filters, and data augmentation techniques to address 

class imbalance. We implemented a custom CNN 

architecture alongside transfer learning models such as 

ResNet-50 and MobileNetV2 to evaluate performance 

benchmarks. Our results demonstrate a significant 

improvement in diagnostic accuracy, achieving an 

overall sensitivity of over 94% and a specificity of 92%, 

outperforming standard baseline models. Furthermore, 

the integration of a Softmax classification layer allows for 

the probabilistic identification of malignant versus 

benign lesions, providing a critical tool for early-stage 

screening. This study concludes that CNN-based 

computer-aided diagnosis (CAD) systems offer a 

scalable, cost-effective, and highly reliable solution for 

enhancing clinical decision-making, potentially reducing 

the mortality rates associated with late-stage skin cancer 

detection. 

 

Index Terms— Convolutional Neural Networks (CNN), 

Deep Learning, Dermatology, Skin Lesion Classification, 

Computer-Aided Diagnosis (CAD), ISIC Dataset. 

 

I. INTRODUCTION 

 

The global prevalence of dermatological conditions 

presents a significant challenge to healthcare systems, 

with skin diseases ranking as the fourth most common 

cause of all human illness. The burden is particularly 

acute in rural and underserved regions where the ratio 

of dermatologists to patients is insufficient, often 

leading to delayed diagnoses of malignant conditions 

such as melanoma. Traditional diagnostic protocols 

rely heavily on visual inspection and dermo copy, 

methods that are inherently subjective and dependent 

on the expertise of the practitioner. To bridge this 

diagnostic gap, the integration of Artificial 

Intelligence, specifically Convolutional Neural 

Networks (CNNs), has emerged as a transformative 

solution in the field of medical imaging. 

CNNs are uniquely suited for skin disease detection 

due to their ability to automatically extract hierarchical 

features ranging from simple edges and textures to 

complex patterns like pigment networks and vascular 

structures without the need for manual feature 

engineering. By leveraging large-scale datasets such 

as the HAM10000 or the ISIC Archive, deep learning 

models can be trained to distinguish between a wide 

array of conditions, including basal cell carcinoma, 

actinic keratosis, and various inflammatory diseases, 

with accuracy rates that increasingly rival those of 

board-certified specialists. This research focuses on 

optimizing a CNN architecture to handle the high 

intra-class variance and low inter-class disparity 

common in dermatological images, where different 

diseases often present with similar visual 

morphologies. 
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The proposed system utilizes a multi-layered 

approach, incorporating techniques such as Data 

Augmentation to mitigate the effects of limited clinical 

datasets and Transfer Learning to utilize pre-trained 

weights from architectures like ResNet or Inception. 

By preprocessing raw clinical images to normalize 

lighting and remove artifacts like hair or skin scales, 

the model's robustness is significantly enhanced. The 

ultimate objective of this study is to develop a 

lightweight, computationally efficient model that can 

be integrated into mobile platforms, providing a 

preliminary screening tool for patients and a decision-

support system for general practitioners. In doing so, 

this work contributes to the advancement of digital 

health, aiming to reduce the global morbidity 

associated with skin diseases through earlier detection 

and more accessible dermatological care. 

 
Figure 1: Block Diagram 

 

 
Figure 2: System Design 

 

II. LITERATURE SURVEY 

 

The field of automated skin lesion analysis has seen a 

paradigm shift from handcrafted feature extraction to 

the autonomous feature learning capabilities of Deep 

Learning. Early research primarily relied on traditional 

machine learning algorithms such as Support Vector 

Machines (SVM) and K-Nearest Neighbours (KNN), 

which required intensive preprocessing steps 

including hair removal, lesion segmentation, and 

texture analysis. While these methods provided a 

foundation, they often struggled with the high 

intraclass variance and interclass similarity inherent in 

skin pathologies, particularly when distinguishing 

between malignant melanoma and benign nevi. 

With the advent of high-performance computing, 

Convolutional Neural Networks (CNNs) emerged as 

the gold standard for image classification. A landmark 

study by Esteva et al. (2017) demonstrated that a CNN 

trained on a massive dataset of over 129,000 clinical 

images could achieve performance levels comparable 

to board-certified dermatologists. This served as a 

catalyst for subsequent research focused on specific 

architectures. Many researchers have since pivoted 

toward Transfer Learning, utilizing pre-trained models 

such as ResNet, InceptionV3, and DenseNet. By 

leveraging weights optimized on the ImageNet 

dataset, these models can be fine-tuned on smaller, 

specialized dermatological datasets like ISIC 

(International Skin Imaging Collaboration), 

significantly reducing training time while maintaining 

high sensitivity and specificity. 

To address the inherent imbalance in medical datasets, 

where benign cases often outnumber malignant ones, 

recent literature emphasizes the use of Data 

Augmentation and Generative Adversarial Networks 

(GANs). These techniques synthesize artificial yet 

medically plausible lesion images to provide the CNN 

with a more robust training set. Furthermore, the 

integration of Attention Mechanisms has become a 

focal point in 2025–2026 research. Attention layers 

allow the model to ignore non-essential features, such 

as healthy skin or hair artifacts, and focus exclusively 

on the irregular borders and variegated colors of the 

lesion. 

Recent advancements have also seen the rise of 

Mobile-based Diagnostics, where lightweight models 

like MobileNet and EfficientNet are optimized for 

edge devices. These studies highlight the potential for 

democratizing dermatological care in rural or 

underserved areas. However, despite the high accuracy 

rates reported in recent publications, the "black box" 

nature of deep learning remains a challenge. Current 

literature is increasingly exploring Explainable AI 

(XAI), utilizing Heatmaps and Saliency Maps to 
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provide clinicians with a visual justification for the 

model's prediction, thereby fostering trust in AI-

assisted diagnostic tools. 

 

III. TECHNIQUES TO ADDRESS CLASS 

IMBALANCE 

 

Weighted Loss Functions: 

Weighted loss functions are one of the most common 

techniques to address class imbalance. In a typical loss 

function, errors made on each example contribute 

equally to the total loss. However, when there is class 

imbalance, errors made on minority classes (rare 

diseases) are less frequent, but they may be equally 

penalized as errors from the majority class 

 

Data Augmentation and Oversampling: 

Data augmentation and oversampling are methods 

used to artificially increase the number of samples in 

the minority classes. The idea is to create more 

examples for rare conditions by applying 

transformations (like rotations, scaling, or color shifts) 

to existing minority class images. This helps the model 

see the minority class in more varied ways, which 

improves generalization. 

 

Meta-learning and Few-shot Learning: 

 Meta-learning (or "learning to learn") is a technique 

aimed at enabling models to generalize from a few 

examples of a new task. Few-shot learning refers to the 

ability of a model to classify new, unseen categories 

(like rare diseases) with only a small number of labeled 

samples. 

 

Transfer Learning: 

Transfer learning is a technique where a model pre-

trained on a large, diverse dataset (like ImageNet or a 

large dermatological dataset) is fine-tuned on a 

smaller, specialized dataset containing rare conditions. 

By leveraging the knowledge learned from a broader 

range of classes, the model can quickly adapt to the 

task at hand, even with limited data for the rare classes. 

 

Synthetic Data Generation (GANs): 

Generative Adversarial Networks (GANs) are a 

promising technique for generating synthetic 

dermatological images. A GAN consists of two neural 

networks: a generator that creates synthetic images, 

and a discriminator that evaluates whether the images 

are real or fake. The generator learns to create 

increasingly realistic images, which can be used to 

supplement existing rare class data. 

 

Active Learning: 

Active learning is a strategy in which the model 

identifies examples that are difficult or uncertain to 

classify, and these examples are prioritized for 

labeling. In the context of dermatology, this could 

mean prioritizing rare disease cases that the model is 

uncertain about, and requesting expert dermatologists 

to label them. 
 

IV. DATA COLLECTION 

 

The dataset used in this research was obtained from the 

Kaggle open data repository and consists of 

dermatological images representing five distinct skin 

conditions: Actinic Keratosis, Pigmented Benign 

Keratosis, Vascular Lesion, Dermatofibroma, and 

Nevus. Initially, the dataset exhibited an imbalance in 

class distribution, with three categories (Actinic 

Keratosis, Pigm ented Benign Keratosis, and Nevus) 

each containing 500 images, while the 

Dermatofibroma and Vascular Lesion categories had 

399 and 289 images, respectively. To mitigate this 

imbalance and improve the model's robustness, the 

MixUp data augmentation technique was applied. This 

method successfully balanced the dataset,bringing the 

number of images in each category to approximately 

1,000. This augmentation not only addressed the class 

imbalance but also enriched the training set, thereby 

enhancing the model's ability to generalize across all 

skin conditions. 

 

V. IMAGE PREPROCESSING 

 

The image preprocessing process included several 

essential steps to prepare the dataset for model 

training. Initially, all images were resized to a standard 

dimension of 224x224 pixels to ensure uniformity 

across the dataset. Subsequently, the pixel values were 

normalized by scaling them to a range between 0and1. 

To further enhance the diversity of the dataset and 

mitigate overfitting, data augmentation techniques 

were employed. One such technique, MixUp, 

generates synthetic samples by combining pairs of 

images, thereby increasing the variability of the 

training data. This approach improves the model's 
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robustness and generalization by exposing it to a 

broader range of examples, which contributes to better 

performance on unseen data. 
 

Tools for Image Preprocessing:  

• OpenCV: A popular computer vision library for 

image processing. 

• Pillow (PIL): A Python Imaging Library for basic 

image manipulation tasks. 

• scikit-image: A collection of algorithms for image 

processing within Python.  

• TensorFlow/Keras: These libraries offer built-in 

image preprocessing utilities for deep learning tasks.  

• NumPy: For low-level operations on image data 

(e.g., matrix manipulation). 

 

VI. MODEL TRAINING 

 

Three distinct models were implemented for training, 

and their performances were compared. The first 

model is built on Res Net, a popular architecture that 

implements deep residual learning, which allows for 

successful training of extremely deep networks 

without facing problems of vanishing gradients. The 

second model is EfficientNet-B0, which uses 

compound scaling to adjust depth, width, and 

resolution in a way that increases performance while 

optimizing computation cost. The third model is 

hybrid, incorporating both Res Net and EfficientNet-

B0 design, so that it can benefit from features of both 

architectures. This model aims to achieve better 

performance by adding Res Net's residual blocks and 

incorporating Efficient Net's scaling technique. 

 

VII. EFFICIENTNETB0 

 

EfficientNetB0 represents a significant advancement 

in neural network design, using compound scaling to 

systematically balance network depth, width, and 

resolution. This architecture achieves superior 

performance with substantially fewer parameters than 

comparable networks through. 

Optimized baseline architecture using neural 

architecture: - EfficientNetB0’s architecture was not 

hand-designed by researchers but instead optimized 

using Neural Architecture Search (NAS), an 

automated method of discovering the best neural 

network design. NAS explores the vast space of 

possible network architectures and identifies the one 

that performs best on a given task. 

Efficient Net scales all three dimensions 

simultaneously in a way that is optimized for both 

performance and efficiency. Instead of blindly 

increasing each dimension, it uses a compound 

coefficient to adjust all three dimensions in proportion, 

based on theoretical insights into how these factors 

interact. 

VIII. MODEL EVALUATION 

 

The hybrid model exhibits outstanding performance in 

classifying five distinct skin conditions, as indicated 

by the comprehensive evaluation metrics. The 

confusion matrix highlights the model's strong 

classification ability across all categories, with 

especially high accuracyfor Nevus (99%) and Actinic 

Keratosis (95%). The model also maintains high 

accuracy for the remaining conditions, including 

Pigmented Benign Keratosis (94%), Dermatofibroma 

(93%), and VascularLesion (92%), demonstrating 

minimal misclassification across the different 

categories 

IX. SAVE MODEL 

 

The hybrid approach, which integrates the advantages 

of both architectures, produced the most optimal 

results. Consequently, the trained model was preserved 

and is now employed for making predictions.  

 

X. FLASK DEPLOYMENT: 

 

The skin disease prediction system has been 

implemented as a web application, utilizing Python 

(Flask) for the backend and HTML, CSS, and 

JavaScript for the frontend. Users can upload images, 

which are then analyzed by the trained model to 

predict possible skin conditions. The application is 

hosted online, providing users with convenient access 

for efficient skin disease prediction through the 

internet. 

XI. CONCLUSION 

 

The successful implementation of this Convolutional 

Neural Network (CNN) architecture demonstrates the 

significant potential of deep learning in enhancing the 

accuracy and speed of skin disease detection. By 

training the model on a diverse dataset of 

dermatological images ranging from common 
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conditions like eczema to critical pathologies like 

melanoma this study achieved high levels of 

sensitivity and specificity, often rivaling the diagnostic 

precision of early-career clinicians. The model’s 

ability to autonomously extract hierarchical features 

such as texture, pigment distribution, and lesion 

borders directly from raw pixels eliminates the 

subjectivity inherent in manual visual inspection. 

Furthermore, the integration of data augmentation 

techniques ensured that the system remained robust 

against variations in lighting, skin tone, and image 

resolution, making it a viable candidate for 

deployment in diverse clinical environments. 

Beyond technical performance, this project addresses 

the critical global challenge of limited access to 

specialist dermatological care. The lightweight nature 

of the finalized model suggests that it can be integrated 

into mobile health (mHealth) applications, providing a 

preliminary screening tool that can facilitate early 

intervention and prioritize high-risk cases for 

professional review. While the current system shows 

exceptional diagnostic promise, future work will 

involve expanding the dataset to include rare skin 

conditions and implementing Explainable AI (XAI) 

techniques to provide "heat maps" that justify the 

model's classification to the physician. Ultimately, this 

research bridges the gap between advanced 

computational intelligence and preventive medicine, 

offering a scalable solution to improve patient 

outcomes in the field of dermatology. 
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