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Abstract — One of the most serious types of cancer, skin 

cancer affects millions of individuals each year. It is 

expensive and difficult to identify skin cancer in its early 

stages. This study aims to develop a precise, accurate 

approach for detecting skin cancer. This research investigates 

the application of convolutional neural network (CNN) in 

skin cancer classification using a diverse dataset comprising 

three classes: benign, basal cell carcinoma and melanoma. 

This study used four different types of CNN architectures like 

VGG19, inception3, LeNet and DenseNet. This study makes 

a significant contribution to the field of medical image 

analysis by providing guidance for the creation of a 

trustworthy and reliable AI-driven system for the detection of 

skin cancer. 
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I. INTRODUCTION 

Skin cancer is an unchecked expansion of abnormal cells that 

develop on our skin. It occurs when typical DNA damage 

triggers mutations that help skin cells multiply quickly, which 

generates cancerous tumours[1]. Globally, many people are 

affected by the major health issue of skin cancer.  Early 

diagnosis is necessary for successful treatment. Scientists 

have created sophisticated CNN models like Lenet, 

InceptionV3, DenseNet and many more types. 

 Thant can analyse images of the skin and determine 

whether or not is skin cancer.  We are evaluating detecting 

benign, basal cell carcinoma and melanoma forms of skin 

cancer. Our objective is to simplify this complicated 

technology for laypeople. We have gathered a variety of skin 

images to train these programmes, and after that,  we let them 

see fresh images to assess their progress. Using 

straightforward graphs and reports, we will demonstrate the 

findings and demonstrate which model is most trustworthy. 

II. LITERATURE REVIEW  

Many clever methods have been tried in skin cancer detection 

utilising computers. In[3] focuses on the clever models called 

VGG16 which achieved a 93% success rate and using 

ResNEt15 and achieved 84% success in telling if a skin spot 

was cancer or not. In this paper focused on this binary 

method, using two datasets of benign and malignant. 

 This study highlights the power of using a binary 

approach with specific datasets. Our research follows this pat, 

using similar methods to learn more about skin cancer. By 

leveraging these CNN models and datasets, we aim to 

contribute to the ongoing efforts to make skin cancer 

detection more precise and accessible for doctors and patients 

alike. 

III. METHODOLOGY 

This section introduces the related studies on methodology 

and experimental platforms, such as datasets, data 

preprocessing and convolutional neural networks.  

A. Dataset 

The skin cancer images in the study’s dataset were selected 

from two primary sources and combined. 

 HAM10000 dataset: a publicly accessible dataset 

from Kaggle with 10015 photos that were divided into seven 

classes, it contains basal cell carcinoma and melanoma skin 

lesions. Another Kaggle dataset with binary classification 

images of malignant and benign skin lesions is the “benign 

vs. malignant dataset” dataset. Three classes are included in 

the combined dataset: benign, basal cell carcinoma and 

melanoma. The photographs were divided into the “train” and 

“test” primary folders. A diversified and representative 

sample of skin cancer is made up of 3857 images in the 

training set and 927 images in the test set for the study. 

 
Fig. 1: Dataset image 

B. Data Preprocessing 

The images were submitted to standardisation, resizing, and 

augmentation procedures before the model was trained. To 

maintain uniformity, standardisation involved scaling the 

pixel values to a specific range. To satisfy the required input 

size of the chosen deep learning models, resizing was done. 

The training dataset was expanded using augmentation 

techniques like rotation, flipping, and zooming, which 

improved the model’s capacity to extrapolate generalisation 

from sparse data. 

C. Convolutional Neural Network (CNN) 

Convolutional layers, ReLU activation layers, pooling layers, 

and fully linked layers are among the layers that make up the 

CNN architecture. Together, these layers extract pertinent 

features from the input images and forecast classification. An 

overview of the fundamental CNN architecture is shown in 

fig. 2. 

1) Workflow at CNN: 

 Input: To produce feature maps, the CNN applies a 

number of filters on an input image. 
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 ReLU activation: To add non-linearity and improve 

feature representation, the ReLU activation function 

is used. 

 Pooling: pooling layers reduces the computational 

complexity by downsampling the feature maps. 

 Training: the weights and feature detectors of the 

CNN are adjusted across a number of training 

epochs. 

 
Fig. 2: basic CNN architecture 

Here is a quick summary of each of the deep learning 

architecture: 

1) LeNEt:  

LeNet is a CNN architecture that is straightforward yet 

effective. Convolutional layers are used in it to scan images, 

identify patterns, and extract information. LeNet excels at 

handling smaller datasets. 

2) VGG19:  

VGG19 is a deep CNN renowned for its effectiveness and 

simplicity. It is made up of numerous layers that are piled on 

top of one another, including convolutional and fully linked 

layers. 

3) InceptionV3:  

Using special inception models, inceptionV3 is a CNN design 

that effectively utilises computing power. These models 

allow the model to capture a variety of properties at various 

scales, which makes it useful for image classification part. 

4) DenseNet:  

A DenseNet-connected CNN, in which each layer is feed-

forward coupled to every other layer. This link promotes the 

reuse of features and facilitates effective learning. 

IV. RESULT 

The study evaluated four deep learning models, namely LeNet, VGG19, inceptionV3, and DenseNet, for skin cancer 

classification. Each model’s accuracy was measured to assess its performance: 

A. Confusion matrix: 

Architecture Confusion matrix 

LeNet 

 

VGG19 
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inceptionV3 

 

DenseNet 

 
Table 1: Confusion matrix of different architecture

 ROC(receiver Operating Characteristic) curves and 

precision-recall curves are offered to show the performance 

of the model. The trade-off between the true positive rate and 

the false positive rate is shown in these figures, which also 

indicate how well the models can differentiate between 

various forms of skin cancer. 

B. Classification report: 

Architecture Report 

LeNet 

 

VGG19 

 

InceptionV3 
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DenseNet 

 
Table 2: classification report 

 The precision, recall, F1-score, and support for each 

class are all summarised in detail in Table[2]. The 

classification report for the four models is presented below, 

based on the supplied confusion matrix and accuracy scores. 

Accuracies are described in Table[2]. We carefully 

investigate their accuracy rates in our thorough analysis of 

skin cancer classification algorithms to ascertain their 

effectiveness. LeNet, a simple but powerful model, 

demonstrated an admirable accuracy of 75%, with an 

accuracy of 80%, VGG19,  a more complicated architecture, 

did even better. With an accuracy of 82%, inceptionV3’s 

advanced design demonstrated appreciable advancement. 

However, DenseNet performance was the most impressive, 

with an impressive accuracy rate of 86%. 

V. FUTURE WORK 

The incorporation of multimodal data is one interesting 

direction for future research. Bringing together data from 

many sources, such as dermatoscopic pictures, patient clinical 

histories, and genetic information, might result in a more 

thorough understanding of skin cancer. Using cutting-edge 

machine learning methods, such as deep learning 

architectures designed for multimodal data, could result in the 

creation of a system for the precise and reliable diagnosis of 

skin cancer.  

VI. CONCLUSION 

In conclusion, our study investigated the use of deep learning 

models for the categorization of skin cancer, an important and 

difficult issue in the discipline of dermatology. LeNet, 

VGG19, InceptionV3, and DenseNet were four well-known 

modes that we assessed for their ability to identify various 

forms of skin cancer. Our results show that DenseNet is the 

most precise and trustworthy model, with an excellent 

accuracy rate of 86%. This demonstrates its outstanding 

ability to correctly categorise cases of benign, basal cell 

carcinoma, and melanoma. Although results from other 

models, like VGG19 and InceptionV3, were similarly 

encouraging, DenseNet’s performance highlights the model’s 

potential for use in actual skin cancer diagnosis and early 

detection. The success of DensNet in our work opens the door 

for the creation of a reliable and effective automated skin 

cancer diagnosis system in the future. 
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