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Abstract—Skin cancer is one of the most common cancers 

worldwide, and the longer it remains untreated, the greater the 

likelihood of serious consequences or even death. Traditional 

diagnostic techniques depend on the expert's visual evaluation 

and are thus subjective, laborious, and very variable. As a 

result, getting a proper diagnostic done quickly is crucial. To 

enhance the accuracy and efficacy of skin lesion diagnosis, this 

effort seeks to develop an automated classification system using 

dermoscopy images. The authors of this study propose building 

and testing a skin lesion classification AI system that makes use 

of various ML and DL techniques, including Xception, ResNet, 

CNN, ANN, and LSTM models. The proposed convolutional 

neural network (CNN) model achieved the highest reliability 

and accuracy in skin cancer diagnosis (98.49 F1-score, 98.58% 

ACC, 98.57% PRE, and 98.59% REC) compared to all other 

models. This method can help dermatologists identify skin 

disorders earlier and more accurately, which in turn improves 

clinical decision-making and decreases the incidence of 

misdiagnosis. 
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I. INTRODUCTION  

Skin cancer is a very common and possibly deadly skin 
disease. Skin cancer occurs when the skin's cell multiplication 
becomes unchecked and abnormal, typically as a result of 
long-term exposure to UV radiation from the sun or tanning 
beds. Any one of the skin's three layers—the epidermis, 
dermis, or hypodermis—can become cancerous [1][2]. The 
most deadly and dangerous form of skin cancer is melanoma, 
while basal cell carcinoma (BCC), squamous cell carcinoma 
(SCC), and Merkel cell carcinoma (MCC) are the most 
prevalent types.  The importance of skin cancer screenings and 
preventative measures is underscored by the fact that millions 
of new instances of cancer are reported annually [3][4]. 

In order to improve treatment results and increase patient 
survival rates, early identification of skin cancer is crucial. 
Dermatologists have long relied on dermoscopy, ocular 
examinations, and biopsies to confirm the presence of skin 
cancer [5][6]. Dermatoscopes give magnified and illuminated 
images of skin lesions, so that detailed inspection of 
suspicious regions is possible [7]. Traditional diagnosis 
methods, however, are time-consuming, subjective, 
expensive, and very dependent on clinical skills. Furthermore, 
diagnosis using biopsy may be invasive and uncomfortable for 
the patient. Therefore, early detection skin cancer testing tools 
that are both automated and non-invasive are in high demand 
[8][9][10]. 

Emerging technologies in medical imaging and computer-
aided diagnosis have seen tremendous progress over the last 
few years, greatly enhancing the ability to identify skin 
abnormalities. Acquisition of images, preprocessing of 
images, segmentation of lesions, extraction of features, and 
classification are the typical components of automated skin 
cancer diagnostic systems. These systems can help healthcare 
professionals get quicker and more consistent diagnostic 
results [11][12][13]. The more and more widespread use of 
dermoscopic image databases and computing power has 
further stimulated the research in automated analysis of skin 
lesions [14]. Skin cancer screening services may be expanded 
with the use of these technologies, which can also reduce the 
number of incorrect diagnoses and improve clinical decision-
making [15][16]. 

AI, ML, and DL have recently taken the lead in both the 
interpretation of medical imagery and the diagnosis of 
diseases [17][18]. CNNs' capacity to learn discriminative 
features from raw pictures on their own has led to impressive 
performance in picture classification challenges. CNN models 
eliminate the need for human feature engineering and have a 
high ACC for skin lesion identification and classification [19]. 
Computers may discover useful patterns from medical data 
and provide useful predictions using ML approaches, all 
without being expressly trained to do so. DL, a branch of 
machine learning, can automatically extract useful 
information from dermoscopy images; this enhances the 
reliability, precision, and effectiveness of skin cancer 
diagnosis and classification [20][21][22]. 

A. Motivation and Contribution 

This research primarily aims to address the high 
prevalence of skin cancer and emphasizes the need for early 
detection in ensuring an accurate diagnosis. The traditional 
diagnostic procedures are subjective, time-consuming, and 
require expertise. Therefore, the project's goal is to create a 
CNN model for automatically classifying skin cancer images 
obtained by dermoscopy. This allows for earlier medical 
action, lowers the chance of human error, and improves the 
diagnostic ACC and PRE. These findings are the primary 
contributions of the study: 

• This study is concerned with automatic detection and 
classification of thermoscopic images for skin cancer. 

• The model was trained and evaluated using the 
HAM10000 dataset, which contains 10,015 photos of 
seven different kinds of skin lesions. 

• Used the ADASYN method to address class 
imbalance, so minority classes are better represented 
and the models work better. 
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• Developed and assessed a number of ML and DL 
models, including ResNet, ANN, Xception, LSTM, 
and CNN. 

• Presented evidence that the suggested CNN model 
works better than all models evaluated, with the best 
ACC. 

• The main goals are to support medical personnel in 
efficiently and accurately identifying skin cancer and 
to enhance ACC for early diagnosis. 

B. Justification and Novelty 

Skin cancer is becoming more common, and human 
diagnosis has its limits; thus, a reliable and automated 
detection method is needed. The study's justification rests on 
the recognition that dermoscopy picture categorization needs 
improvement in order to decrease the rate of misdiagnosis and 
improve patient outcomes. The novelty of this work consists 
of comparative evaluation of multiple DL and ML models 
such as ResNet, ANN, Xception, LSTM and CNN on the 
HAM10000 dataset and proposing and optimizing CNN based 
approach to achieve better model performance. The proposed 
framework includes advanced preprocessing method and class 
balancing using ADASYN for improving the learning of the 
model, which is able to achieve better classification ACC and 
robustness than other existing methods 

C. Organization of the Paper 

This paper is organized in the following way: A literature 
review on skin cancer diagnosis is provided in Section II. The 
dataset, preparation procedures, and suggested model 
implementation are detailed in Section III. In Section IV, 
evaluate and contrast the experimental outcomes across 
different models. Finally, as a conclusion to the study, Section 
V summarises the key findings and suggests options for 
further research.  

II. LITERATURE REVIEW 

A review and analysis of important research studies on 
Skin Cancer Diagnosis was completed to guide and improve 
the development of this study. 

S. Adablanu et al. (2026) introduce VINCE-NET, a DL 
model that combines elements from stroke detection with 
those from dermoscopy to classify melanoma. For the purpose 
of capturing global, local, and spatial characteristics, the 
model integrates the strengths of Vision Transformer, CNN, 
and LSTM. On the HAM10000 dataset, VINCE-NET was 
more accurate (with 94.1%), more precise (with 95.5%), more 
sensitive (with 90.4%), more specific (with 92.9%) and more 
effective (with an AUC of 0.98) than CNN, LSTM, ResNet-
50, VGG-16/19 and DenseNet-121/201, while being less 
computation-intensive [23]. 

P. R and S. G (2025) introduce a method that uses artificial 
intelligence to identify skin cancer early on by integrating 
lesion segmentation and risk assessment for improved 

diagnosis. The method is built on the HAM10000 dataset, 
where the lesion segmentation is performed with a U-Net 
model and the benign/malignant classification is performed 
with a custom CNN. The pipeline consists of image 
preprocessing, segmentation, classification and risk 
assessment with a hybrid loss function. The proposed model 
attained 92% classification ACC, 0.88 IoU for segmentation 
and 89% risk prediction ACC compared to the baseline CNN, 
with 8% improvement in segmentation ACC and also tackled 
the problem of an imbalanced dataset [24]. 

S. R. Gaddam et al. (2025) provide a way to identify skin 
cancer early by analyzing dermoscopy photos with artificial 
intelligence. The suggested method relies on DL models such 
as Convolutional Neural Networks (CNNs), ResNet50, 
EfficientNetB0, and Vision Transformers - ViT to detect 
malignant or benign lesions. Enhancements to preprocessing, 
transfer learning, and visual explanations (such as Grad-
CAM) are incorporated into the system to enhance ACC and 
interpretability. Clinical applications and real-time 
telemedicine should benefit from the ViT-based model's 
exceptional accuracy (ACC of 95.3% and F1 score of 95.0%) 
when evaluated using publicly accessible datasets 
(HAM10000 and ISIC) [25]. 

N. R. Rajalakshmi, P. M. Sankar, and K. Raju (2024) 
present a new approach to skin cancer detection utilizing AI, 
namely CNNs and DL. Over 90% accuracy in cancer detection 
and healthy skin detection was reached by the suggested 
model, which also successfully diagnosed different forms of 
skin cancer using dermoscopy pictures. There is great promise 
for early detection and a decrease in the strain on healthcare 
systems brought about by the AI-powered deep CNN system, 
which allows for quick and precise diagnosis [26]. 

A. Barbadekar, V. Ashtekar, and A. Chaudhari, (2023) 
used dermoscopy pictures as input to carry out lesion 
segmentation and cancer classification. Apply the BCDU-Net 
model in skin lesion segmentation system. Segmentation 
system IOU is 84.09% and dice coefficient is 90.66% and 
compare the DenseNet model's performance with that of 
VGG-19 in skin cancer classification. VGG-19 outperforms 
several earlier models with an ACC of 97.29% [27]. 

P. Zhu (2022) introduces the fact that current ML models 
can only handle a small subset of skin cancer types. This study 
examines three separate convolutional neural network (CNN) 
models; VGG-19, a self-designed network, and VGG-16 are 
compared and contrasted for skin cancer classification, 
utilizing nine classifications. A web application is then built 
using the top-performing model. According to the findings of 
the experiments, VGG-19 was the most effective model for 
skin cancer diagnosis, with an ACC of 0.9290 and a loss of 
1.2842 [28]. 

Table I provides an overview of recent research on Skin 
Cancer Diagnosis, detailing the proposed models, utilized 
datasets, major findings, and encountered challenges. 

TABLE I.  COMPARATIVE ANALYSIS ON SKIN CANCER DIAGNOSIS USING MACHINE LEARNING TECHNIQUES 

Author Proposed Work Dataset Findings Limitations & Future Work 

S. Adablanu et al., 

(2026)  

Proposed VINCE-NET 

combining ViT, CNN, and 

LSTM for melanoma 
classification. 

HAM10000 Achieved 94.1% accuracy 

and outperformed 

conventional CNN and 
transfer learning models. 

Focused mainly on melanoma 

classification; future work can explore 

multi-class skin cancer diagnosis and 
external clinical validation. 

P. R and S. G 

(2025)  

Integrated lesion segmentation, 

classification, and risk 

HAM10000 Obtained 92% 

classification accuracy and 

Limited to benign/malignant classification; 

future work may include multi-class 

classification and larger datasets. 
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estimation using U-Net and 
CNN. 

improved segmentation 
performance. 

S. R. Gaddam et 

al., (2025)  

Developed an AI system using 

CNN, ResNet50, 

EfficientNetB0, and ViT with 
Grad-CAM. 

HAM10000, 

ISIC 

ViT achieved 95.3% 

accuracy and enhanced 

interpretability. 

Requires extensive computational 

resources; future work should focus on 

lightweight models for real-time 
applications. 

 N. R. 

Rajalakshmi, P. 
M. Sankar, and K. 

Raju, (2024) 

Proposed a deep CNN 

framework for skin cancer 
detection and classification. 

Dermoscopic 

Images 

Achieved over 90% 

accuracy in distinguishing 
cancerous and healthy skin. 

Limited details on multi-class performance 

and dataset diversity; future work should 
improve generalization across populations. 

A. Barbadekar, V. 

Ashtekar, and A. 
Chaudhari, (2023)  

Combined BCDU-Net for 

segmentation and VGG-
19/DenseNet for classification. 

Dermoscopic 

Images 

VGG-19 achieved 97.29% 

accuracy with effective 
lesion segmentation. 

Evaluated on limited datasets; future work 

can investigate advanced architectures and 
larger datasets. 

P. Zhu, (2022)  Compared VGG-16, VGG-19, 

and a custom CNN for nine-
class skin cancer classification. 

Skin Cancer 

Image Dataset 

VGG-19 achieved the best 

performance with 92.9% 
accuracy. 

Limited to CNN-based architectures; future 

work may explore transformer-based and 
hybrid deep learning models. 

Research gaps: CNN, Vision Transformer and hybrid DL 
methods have made significant advances in the diagnosis of 
skin cancer, however, there are several gaps in the research. 
Most studies are focused on melanoma or binary 
classification, which is not applicable to multi-class skin 
cancer diagnosis. Furthermore, most methods make use of 
small data sets and are not clinically validated externally, 
thereby impacting the ability of the model to generalize. The 
problems of class imbalance, high computational complexity, 
and comparison of various architectures still remain. Thus, a 
general and efficient framework for DL that can effectively 
classify multi-class skin cancers in a wide variety of clinical 
datasets is necessary. 

III. RESEARCH METHODOLOGY  

 

Fig. 1. Proposed flowchart for Skin Cancer Diagnosis  

A. Description of each class for Skin Cancer Diagnosis 

This study made use of the HAM10010 dataset, which 
contains 10,015 dermoscopy photos from seven distinct skin 
cancer types. Pre-process the data by resizing, normalizing, 
augmenting, and label encoding it so it's more consistent and 
of higher quality. The ADASYN approach is used to 
preprocess the data before it is divided into training, 
validation, and testing sets. Train a CNN to classify and test it 

using ACC, PRE, REC, and F1. Figure 1 shows the suggested 
flow diagram for skin cancer diagnostics using ML. This 
section offers a thorough explanation of every step in the 
suggested process. 

B. Data Gathering and Analysis 

The HAM10000 dataset, which stands for "Human 
Against Machine with 10,000," was used for training and 
evaluation purposes by the suggested system for skin cancer 
classification. Ten thousand fifteen dermoscopy images of 
seven distinct pigmented skin lesion types were used to 
compile this data. To analyze the characteristics of the data, 
detect class imbalance, and help with good data preprocessing, 
data visualization was performed: 

 

Fig. 2. Description of each class for Skin Cancer Diagnosis 

The distribution of various skin lesion types classified into 
diagnosis skin cancer is shown in Figure 2. The highest 
number of samples is labeled Melanocytic nevi and the lowest 
number of samples is labeled Vascular lesions and 
Dermatofibroma. The imbalance in classes is evident, as seen 
from the difference in class frequencies, which can affect the 
performance of classification models. 

Thermoscopic images of representative cases in each of 
the categories of skin lesions used in this study are shown in 
Figure 3. The images show a variety of colors, textures, 
shapes, and boundary features, revealing the complexity of 
skin cancer diagnosis and the need for automated 
classification methods to achieve the accurate detection of 
skin cancer. 

HAM10000 dataset from Kaggle  

Data Pre-processing 
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Fig. 3. Five samples of each class for Skin Cancer Diagnosis 

C. Data Pre-processing  

The data were processed and analyzed using the 
HAM10000 data set. The preprocessing stage included several 
critical steps to enhance data quality and model performance, 
such as data cleaning, data augmentation, image labeling, and 
data normalization. These procedures helped remove 
inconsistencies, enhance dataset diversity, and ensure that the 
images were properly prepared for training and evaluation. 
The following major preprocessing steps are followed in the 
suggested approach: 

D. Data Cleaning 

The data were carefully analyzed in the image quality 
assessment, label verification and image resizing process to 
obtain consistency and reliability of the data. Corrupted 
images and mislabeled or low-quality images were detected 
and discarded to maintain data quality and to boost the skin 
cancer classification model's performance. The data cleaning 
techniques employed in this study are briefly summarized.  

• Image Quality Assessment: All dermoscopic images 
were visually evaluated to ensure image integrity and 
visibility of the lesions. Poor-quality images 
containing excessive artifacts or incomplete lesion 
information were excluded from further analysis. 

• Label Verification: Consistency and correctness of 
class labels were verified for all classes of skin lesions. 
This step ensured that there is a correct mapping of 
images to their respective diagnostic classes. 

• Image Resizing: A consistent size of 64 × 64 pixels 
was used to resize the initial photos. Standardizing 
image size reduces the computational complexity and 
it is easy to extract features from the proposed model. 

• Data Augmentation: These techniques included 
rotating, flipping, zooming and shifting to create more 
training samples. Data Augmentation is an approach 
that enlarges the dataset diversity and reduces 
overfitting. 

E. Label Encoding 

The dataset was prepared for use with ML algorithms by 
converting categorical variables into numerical values using 
label encoding. These variables may have included assault 
kinds or class labels. 

F. Min-Max Normalization  

The dataset records were normalized using the Min–Max 
normalization technique, which scales feature values to the 
range of 0 to 1. This preprocessing step helps to make the 
classification model more efficient and accurate by assigning 
each feature the same contribution and by minimizing the 
impact of extreme values. The normalization process is given 
in Equation (1). 

 𝑋′ =
𝑋− 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 () 

the feature's smallest value 𝑋𝑚𝑖𝑛  and its highest value 

𝑋𝑚𝑎𝑥 , with X representing the original value and 𝑋′ 

denoting its normalized value. 

G. Data balancing using ADASYN  

The number of classes was analyzed to overcome the data 
imbalance among lesion categories. Representation of 
minority classes by augmentation and sampling strategies. In 
this work, data balancing was performed using an ADASYN 
method to obtain a more balanced dataset and improve the 
performance of the classifiers. This is a technique for 
generating synthetic samples for minority classes. 

H. Data Splitting 

Training (representing 70% of the dataset), validation 
(20%), and testing (10%) were the three subsets produced. The 
class distribution was maintained across all three sets 
(training, validation, and testing) using a stratified splitting 
strategy to prevent misleading assessment metrics caused by 
imbalanced splits. 

I.  Proposed Convolutional Neural Networks (CNN)Model 

Automation of skin cancer detection and categorization 
using a CNN is presented in this study. CNN learns features 
by applying a cascade of multi-layer non-linear 
transformations. The input data is stored as a tensor with 
several dimensions, and when the pictures are processed by 
hidden layers, more and more abstract characteristics are 
extracted. A 2D kernel h calculates the 2D convolution for a 
2D input x according to Eq. (2). 

 (𝑥 ∗ ℎ)𝑖, 𝑗 = 𝑥[𝑖, 𝑗] ∗ ℎ[𝑖, 𝑗] = ∑𝑛∑𝑚𝑥[𝑛, 𝑚] · ℎ[𝑖 − 𝑛][𝑗 −
𝑚] () 

Their weights multiplied by the dot product of a tiny input 
region to which they are attached. 

The output of a convolutional layer, ℎ𝑙 , is where a feature 
map is created by adding a bias term and applying a point-wise 
nonlinearity g. The input 𝑥 , bias 𝑏𝑙, and coefficients or 

weights 𝑊𝑙Define the filters of this layer. Equation (3) shows 
how to create the l-th feature map at this particular 
convolutional layer. 

 ℎ𝑖,𝑗
𝑙 = 𝑔(𝑊𝑙 ∗ 𝑥)𝑖𝑗 + 𝑏𝑙  (3) 

The activation function is denoted by 𝑔 (·), and Equation 
(4) defines the 2D convolution as ∗. The rectifier activation 
function is commonly used by DNN and is specified as 

 𝑔(𝑥) = 𝑥+ = 𝑚𝑎𝑥(0, 𝑥) () 

A batch size of 32, fixed hyperparameters, and 25 epochs 
were used to train the proposed CNN model, which had an 
input picture size of 64 × 64 × 3. A learning rate of 0.001 was 
utilized in conjunction with the Adam optimizer and a 
categorical cross-entropy loss function. Used Softmax in 
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hidden layers and triggered with ReLU for multi-class 
categorization. A 3 x 3 kernel with 1 stride and the same 
padding was utilized in the convolutional layers, and a dropout 
rate of 0.5 was applied to decrease overfitting. 

J. Evaluation metrics 

A confusion matrix, which shows the prediction results in 
terms of TP, TN, FP, and FN, was used to assess the 
effectiveness of the suggested skin cancer classification 
model. To determine the model's efficacy and dependability, 
these parts were used to compute a number of evaluation 
measures, including ACC, PRE, REC, and F1. The following 
equations are given for each of the Equation (5) to (8) 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑝+𝑇𝑁+𝐹𝑁
 (5) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (6) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (7) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

As a measure of the classification model's efficacy, the 
ACC of classification rate is relevant. It is the percentage of 
all photographs examined that have been correctly classified. 
A PRE is the number of correct predictions as a percentage of 
all predictions. The PRE is used to see how well the model 
reduces the number of FP predictions. Relative Enumeration 
Coverage (REC) is the proportion of positive cases a model 
can identify compared to a set of target cases. The F1 is a 
composite of PRE and REC that is a balanced indicator of 
classification performance, especially when datasets are 
unbalanced. It is calculated by taking the harmonic mean, or 
the average of the two scores. 

IV. RESULTS AND DISCUSSION  

The tests were run on a machine that has an Intel Core i9-
11900KF (3.5 GHz) CPU, 64 GB of DDR4 RAM, and an 
NVIDIA GeForce RTX 3090 graphics card with 24 GB of 
GDDR6X memory. The operating system used was Ubuntu 
20.04 LTS, and the data storage was a solid-state drive of 4.57 
TB. 

A. Performance Metrics Analysis 

The experimental setup and certain metrics for judging the 
proposed system are detailed in this section. The results show 
the ability and efficient processing of the proposed model in 
the diagnosis of skin cancer. CNNs excellent model of ACC 
in skin lesion image categorization was shown in the model 
that was suggested and achieved an ACC of 98.58%. A 
remarkably low rate of misclassification between positive and 
negative instances was shown by the model's PRE of 98.57%, 
REC of 98.59%, and F1 of 98.49%. Using the suggested CNN 
model, we get findings that are robust, dependable, and show 
great diagnostic promise for accurate skin cancer detection 
and categorization. 

TABLE II.  CLASSIFICATION RESULTS OF PROPOSED MODEL FOR  

SKIN CANCER DIAGNOSIS 

Matrix Convolutional Neural 

Network (CNN) 

Accuracy 98.58 

Precision 98.57 

Recall 98.59 

F1-score 98.49 

 

Fig. 4. Accuracy curve for proposed CNN Model 

Figure 4 shows the ACC of the proposed CNN model for 
multiple epochs of training and validation. The ACC curve for 
both models shows a steady rise throughout the training 
process, which suggests successful learning and gradual 
improvement in the classification ACC. The ACC of the 
training and validation sets remains very close, indicating 
strong generalization power and a lack of overfitting. 

 

Fig. 5. Loss curve for proposed CNN Model 

Figure 5 displays the proposed CNN model's learning and 
validation loss over all epochs. Both exhibit a consistent 
decay, indicating that the model does a reasonable job of 
learning the underlying trends in the images of skin lesions. 
Validation loss is highly correlated with training loss, 
indicating strong generalisability and consistent learning. The 
low final loss values indicate that the model is not overfitting, 
but rather making accurate classifications with minimal loss. 

 

Fig. 6. Confusion matrix of the proposed CNN Model 

Figure 6 shows the confusion matrix for the eight classes' 
classification performance using the suggested model. The 
diagonal cells have high values, indicating the samples are 
correctly classified, with the majority of the samples falling 
within this region. There are very few misclassifications in 
Classes 0, 3, 6 and 7; a few in Classes 4 and 5 and a few in 
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Classes 1, 2 and 5. The darker diagonal cells and lighter cells 
off the diagonal show how accurately the model can 
differentiate between various classes. Overall, the confusion 
matrix indicated the reliability, robustness and strong 
classification capability of the proposed model.P 

B. Comparative analysis 

The suggested model is compared to other models that 
already exist, as shown in Table III. To evaluate and contrast 
the suggested CNN's performance, used a number of ML and 
DL techniques, including ResNet, ANN, Xception, and 
LSTM. The proposed CNN model gave an ACC of 98.58%, 
PRE of 98.57%, REC of 98.59% and F1 of 98.49% among all 
the models evaluated. ResNet got 77%, ANN achieved 
79.80%, Xception reached 80.3%, and LSTM obtained 
91.98% ACC. The CNN model outperforms the other tested 
models in all aspects. This demonstrates its excellent ability to 
identify features, categorize them and make correct diagnoses 
of skin cancer. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING AND 

DEEP LEARNING MODELS FOR SKIN CANCER DIAGNOSIS 

Model Accuracy Precision Recall F1-score 

ResNet[29] 77 78 77 76 

ANN[30] 79.80 79.80 86.30 - 

Xception[31] 80.3 80.5 49.8 86.8 

LSTM[23] 91.98 93.16 90.78 91.96 

CNN 98.58 98.57 98.59 98.49 

C. Discussion 

The suggested CNN achieved a higher accuracy of 98.58% 
on the ACC, indicating its ability to accurately categorize skin 
cancer photos with few mistakes. It shows high PRE, REC and 
F1, suggesting balanced and reliable performance in both 
detecting positive and negative cases. The model 
automatically learns discriminative features from 
dermoscopic images thus eliminating manual feature 
engineering. Furthermore, it performs very well in terms of 
learning ability which can enhance the diagnostic ACC and is 
suitable for early and efficient skin cancer detection. 

V. CONCLUSION AND FUTURE STUDY 

Skin cancer is quite common and can strike people of any 
age. The effectiveness of treatments and the likelihood of 
survival from skin cancer can be greatly improved with early 
identification. In this study, it is proposed to create an AI 
diagnosis tool for dermoscopy diagnosis based on the 
classification of skin cancers. The feasibility of the suggested 
system to perform accurate classification of data relies on a 
range of DL and ML models, including CNN, Xception, 
LSTM and ResNet. The suggested CNN model outperforms 
all others in terms of ACC, which is 98.58%, according to the 
experimental findings. LSTM is in second place with 91.98%, 
followed by Xception with 80.3%, ANN with 79.80%, and 
ResNet with 77%. These results show that CNN outperforms 
the feature extraction and generalization ability in skin lesion 
classification. Thus, the proposed method is found to be very 
effective and reliable for an automatic skin cancer diagnosis.  
The suggested CNN model for classifying skin cancer has 
some problems, like needing the HAM10000 dataset, possibly 
still having class imbalances even with ADASYN, and high 
processing needs that make it hard to use on low-power 
devices. The lack of generalization because it is not validated 
on data from other hospitals is another problem. Larger 
datasets, more sophisticated architectures, and AI that can be 

explained will be utilized in future studies to address real-time 
clinical applications. 
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