
Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 29605-29609 29605  
 

www.etasr.com Razia et al.: An Optimized Classification Framework for Skin Lesion Detection Using Machine Learning 

 

An Optimized Classification Framework for 

Skin Lesion Detection Using Machine Learning 
 

Shaik Razia 

Singapore Institute of Technology, Singapore 

razia28sk@gmail.com (corresponding author) 

 

Sivaneasan Balakrishnan 

Singapore Institute of Technology, Singapore 

sivaneasan@singaporetech.edu.sg 

 

Mohammed Ali Hussain 

Sreenidhi Institute of Science and Technology, Hyderabad, India 

alihussain.phd@gmail.com 

 

Prasun Chakrabarti 

Department of Computer Science and Engineering, Sir Padampat Singhania University, Udaipur 

Rajasthan, India 

drprasun.cse@gmail.com 

Received: 28 June 2025 | Revised: 9 July 2025, 13 July 2025, 17 July 2025, 20 July 2025, 28 July 2025, and 4 August 2025 | Accepted: 14 

August 2025 

Licensed under a CC-BY 4.0 license | Copyright (c) by the authors | DOI: https://doi.org/10.48084/etasr.13009 

ABSTRACT 

This study presented a Machine Learning (ML) evaluation for automated skin lesion classification, 

utilizing three available datasets: DermNet, PH2, and ISIC. The methodology involved preprocessing steps, 

including image normalization, Gaussian noise filtering, data augmentation through Random 

Oversampling and SMOTE, and dimensionality reduction using Principal Component Analysis (PCA). 

Four classical ML classifiers, including Support Vector Machine (SVM), Random Forest (RF), k-Nearest 

Neighbors (k-NN), and Logistic Regression, were trained and examined. Metrics, such as accuracy, 

precision, recall, and F1-score, highlighted the variations in classifier effectiveness across datasets. The 

results demonstrated that the RF model achieved the highest accuracy of 99.3% on the ISIC dataset, while 

SVM yielded great performance on the DermNet and PH2 datasets, with accuracies of 93.1% and 94.2%, 

respectively. Future work should focus on incorporating Convolutional Neural Networks (CNNs) and non-

visual data. 

Keywords-skin lesion detection; machine learning; principal component analysis; class imbalance; classifier 

performance 

I. INTRODUCTION  

The early detection and classification of skin lesions is 
essential in dermatology, as it can significantly improve patient 
outcomes [1]. Skin lesions can be found in different conditions, 
ranging from benign to malignant melanoma, each requiring a 
unique diagnostic and therapeutic approach [2]. The complexity 
of visual similarity among lesion types and the inter-class 
variability present substantial challenges for traditional 
diagnostic methods [3]. 

The utilization of ML and artificial intelligence has gained 
a lot of attention in order to mitigate these challenges [4]. ML 
algorithms have the ability to recognize subtle patterns and 
tones within skin lesion images more efficiently than human 

eyes in some cases [5, 6]. These algorithms, particularly those 
employing deep learning architectures, can autonomously learn 
hierarchical feature representations, offering a data-driven 
alternative to feature engineering [7]. Consequently, ML-based 
approaches are increasingly being adopted to detect skin 
lesions with accuracy and efficiency in dermatology [8]. This 
study presents an ML framework for automated skin lesion 
classification, utilizing three available datasets. 

II. METHODOLOGY 

This research evaluated the performance of ML classifiers 
for skin lesion detection [9]. Specifically, several stages were 
integrated, including data collection, preprocessing, training, 
evaluation, and visualization, to avoid possible errors [10]. 
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Challenges, such as class imbalance, high-dimensional data, 
and variability in imaging conditions, were tailored to further 
ensure reliability [11]. 

A. Data Collection and Organization 

This study utilized three datasets: Dermnet, PH2, and ISIC, 
each containing various skin lesion images [12-15]. DermNet is 
a dermatology image database with various clinical skin 
images for educational and research use. PH2 is a dermoscopic 
image dataset containing 200 images, specialized in melanoma, 
atypical, and benign lesions. Additionally, ISIC provides the 
largest available dataset for skin lesion analysis with thousands 
of dermoscopic images. 

These datasets provided different image quality, lesion 
types, and class distributions, enhancing the evaluation [16]. 
Images were pre-organized into class-specific directories, 
streamlining the labeling and loading processes [17]. Each one 
was resized to a resolution of 64×64 pixels, for uniformity and 
compatibility across models [18]. Additionally, metadata, such 
as lesion type and imaging modality, were incorporated for 
potential stratified analysis. Figure 1 depicts the flow chart of 
the proposed model. 

 

 

Fig. 1.  Flow chart of the proposed model. 

B. Preprocessing Pipeline 

Preprocessing plays a fundamental role in data quality 
improvement and in overcoming inherent problems. The whole 
process comprised the following stages: 

 Image Resizing: All images were sized to 64 x 64 pixels for 
uniformity in input dimensions. 

 Noise Reduction: Gaussian filtering was applied to remove 
image noise while maintaining essential features. 

 Class Imbalance Handling: Class imbalance involved 
random oversampling, which synthetically duplicated 
underrepresented samples to ensure balanced data 
distributions across classes. The Synthetic Minority 
Oversampling Technique (SMOTE) was also considered to 
generate artificial samples by interpolating existing 
minority class data points [19]. 

 Dimensionality Reduction: PCA was deployed to simplify a 
large dataset into a smaller set while still maintaining 
significant patterns and trends. In this study, 100 principal 
components were selected. 

C. Classifier Selection and Training 

Four ML classifiers were employed in this study: 

 SVM: Utilized a Radial Basis Function (RBF) kernel to 
achieve non-linear separability in high-dimensional feature 
spaces. 

 Random Forest (RF): An ensemble learning technique that 
aggregates predictions from multiple decision trees, 
enhancing robustness and reducing overfitting [20]. 

 k-NN: A distance-based algorithm that classifies instances 
based on their proximity to labeled data points in the feature 
space [12]. 

 Logistic Regression (LR): A baseline linear classifier used 
for its simplicity and interpretability in understanding the 
feature contributions [21]. 

Each classifier underwent hyperparameter optimization 
through grid search and cross-validation to find the best 
configuration for each dataset [22]. This approach confirmed 
that all classifiers would be evaluated under comparable 
conditions [23]. For k-NN, a range of k from 3 to 15 was used, 
and it was determined that k = 5 yielded the best performance 
across all datasets. For the SVM, the RBF kernel with a penalty 
parameter C = 1.0 and gamma set to 'scale' were utilized. The 
RF classifier was configured with 100 estimators, a maximum 
depth of 10, and bootstrap enabled. LR was trained using the 
liblinear solver with L2 regularization. 

III. RESULTS AND ANALYSIS 

Table I presents the performance of SVM, RF, k-NN, and 
LR across the DermNet, PH2, and ISIC datasets. It was 
observed that RF exhibited the optimum performance with an 
accuracy of 99.3% on the ISIC dataset. Figure 2 shows the 
confusion matrices for the Dermnet dataset. 
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TABLE I.  PERFORMANCE METRICS ACROSS DATASETS 
AND CLASSIFIERS 

Dataset Classifier 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

DermNet SVM 93.1 93.0 93.2 93.1 

DermNet RF 95.2 95.0 95.4 95.2 

DermNet k-NN 91.9 91.8 92.0 91.9 

DermNet LR 89.3 89.2 89.4 89.3 

PH2 SVM 94.2 94.4 94.7 94.5 

PH2 RF 96.1 96.1 96.1 96.1 

PH2 k-NN 91.7 92.1 92.3 92.2 

PH2 LR 89.7 90.2 90.5 90.4 

ISIC SVM 92.1 91.6 91.8 91.7 

ISIC RF 99.3 99.2 99.3 99.3 

ISIC k-NN 90.9 90.8 91.0 90.9 

ISIC LR 88.5 88.4 88.6 88.5 

Figure 3 displays the confusion matrices for the 
classification performance of SVM, RF, k-NN, and LR models 
on the PH2 dataset. SVM, RF, and k-NN showed relatively 
balanced performance with minor misclassifications, while LR 
exhibited moderate classification accuracy. Similarly, Figure 4 
presents the confusion matrices for the classification 
performance of SVM, RF, k-NN, and LR on the ISIC dataset. 
SVM demonstrated consistent performance with some 
misclassifications across classes, while RF showed a balanced 
classification with slightly fewer errors. k-NN performed well 
for specific classes but struggled with misclassifications in 
others, and LR provided moderate but uniform classification 
accuracy. 

These findings highlighted the variability in model 
performance when applied to different datasets, focusing on the 
challenges of accurate skin lesion classification. 

 

Fig. 2.  Confusion matrices on the Dermnet dataset. 

 

Fig. 3.  Confusion Matrices on the PH2 dataset.

 

Fig. 4.  Confusion matrices on the ISIC dataset. 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 29605-29609 29608  
 

www.etasr.com Razia et al.: An Optimized Classification Framework for Skin Lesion Detection Using Machine Learning 

 

 

Fig. 5.  Output metrics of ML claasifierss across all datasets. 

Figure 5 illustrates the output metrics of the ML classifiers 
across the three ISIC datasets. For DermNet and PH2 datasets, 
SVM and RF revealed competitive results, while LR and k-NN 
trailed slightly in overall performance. This visualization 
provided valuable insights into the classifier behaviors across 
datasets, helping to identify the optimal model for specific use 
cases or datasets. 

IV. CONCLUSION AND FUTURE SCOPE 

This research focused on the examination of different 
Machine Learning (ML) classifiers on skin lesion detection by 
using DermNet, PH2, and ISIC datasets. Random Forest 
classifier was found to have performed the best among all, with 
an accuracy of 99.3% on the ISIC dataset. Other classifiers like 
Support Vector Machine (SVM) also worked great, especially 
on DermNet and ISIC datasets, demonstrating its efficacy in 
addressing non-linear decision boundaries. On the other hand, 
Logistic Regression and k-Nearest Neighbors (k-NN) showed a 
moderate performance, which means that they are not efficient 
for high-variance datasets. 

Future work could rely on the latest Convolutional Neural 
Networks (CNNs), such as EfficientNet or Vision 
Transformers (ViT), as well as to examine the addition of non-
visual data like patient demographics, medical history, and 
genetic information to improve diagnostic accuracy. 
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