Jurnal Ilmu Komputer dan Informasi (Journal of Computer Science and Information)
19/2 (2026), 141-156. DOI: http://dx.doi.org/10.21609/jiki.v19i2.1598

Comparative Analysis on Data Balancing and Augmentation in Skin

Cancer Image Classification Using Multiple Datasets with Explainable Al

Dimas Fanny Hebrasianto Permadi, Annisaa Utami, Muhammad Raafi’u Firmansyah

Faculty of Informatics, Telkom University, Purwokerto, Indonesia
J1. DI Panjaitan No.128, Kabupaten Banyumas, Jawa Tengah, 53147, Indonesia

E-mail: dimasfhp @telkomuniversity.ac.id

Abstract

Skin cancer is one of the most common types of cancer worldwide, with a continuously increasing incidence
rate. Early detection and accurate classification of skin lesions are crucial for improving patient survival,
particularly for melanoma. This study presents a comparative analysis of data-balancing strategies for skin
cancer image classification across multiple publicly available datasets, including ISIC 2024, ISIC 2019,
ISIC 2020, HAM10000, and PROVe-Al. The ConvNeXt-Tiny architecture is employed as the classification
model and evaluated under three dataset configurations, namely RAW without balancing, Undersampling, and
Oversampling via data augmentation, combined with two Learning Rate (LR) settings of 0.001 and 0.0001. In
addition to reporting classification performance, this study emphasizes a comparative evaluation of accuracy,
training stability, and computational efficiency across different balancing strategies. The experimental
results indicate that the RAW dataset with an LR=0.0001 provides the best trade-off between performance
and efficiency, achieving a validation accuracy of 99.88% and an Fl-score of 0.9988. Oversampling via
augmentation achieves the highest performance, with a validation accuracy of 99.93% and an Fl-score of
0.9993, but requires substantially higher computational resources. Undersampling enables faster training
with lower resource consumption, although it results in a slight performance degradation. Furthermore,
Explainable Artificial Intelligence techniques, including Grad-CAM and LIME, demonstrate that models
trained with an appropriate learning rate consistently focus on clinically relevant lesion regions, thereby
improving interpretability and trustworthiness.

Keywords: Performance Evaluation, Skin Cancer, Data Balancing, ConvNeXt, GradCAM-XAl, LIME-
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1. Introduction

Skin cancer is one of the most common types
of cancer worldwide, and its incidence continues
to increase every year. Early detection and accurate
classification of skin lesions play a crucial role in
improving patient survival rates, as malignant skin
cancer, such as melanoma, can be life-threatening
if not diagnosed at an early stage [1H3]. In re-
cent years, deep learning, particularly Convolutional
Neural Networks (CNNs) [4H7], has demonstrated
remarkable performance in medical image analysis
[2, [8H10], including dermatology. CNN-based mod-
els are capable of learning discriminative features
directly from images, reducing the need for hand-
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crafted features traditionally used in computer-aided
diagnosis systems [8, [10} [11]].

Despite these advances, several challenges re-
main. One of the most critical issues is the class
imbalance problem in medical image datasets. In
skin cancer datasets, benign cases often vastly out-
number malignant cases, causing CNN models to be
biased toward majority classes. In[Figure 1] it can be
seen that the dataset from ISIC 2024 [12] has data
class imbalance. This imbalance reduces the abil-
ity of models to generalize and accurately identify
minority classes, which in this context are often the
most clinically significant [13H15]]. Several strategies
have been proposed to address imbalances, such
as undersampling, oversampling, and data augmen-
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tation [13H15]. However, comparative evaluations
across different balancing methods remain limited,
particularly when applied to state-of-the-art CNN
architectures.
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Figure 1. Class distribution of Benign, Malignant, Inde-
terminate.

Another important challenge is the lack of in-
terpretability of deep learning models in medical
applications [6]. Although CNNs can achieve high
classification accuracy, they are often criticized as
“black boxes” [[16], making it difficult for clinicians
to trust and validate the decision-making process
[L7]. To address this issue, Explainable Artificial
Intelligence (XAI) [18] methods such as Gradient-
weighted Class Activation Mapping (Grad-CAM)
[L1, 18], Local Interpretable Model-agnostic Ex-
planations (LIME) [[19]], and SHapley Additive ex-
Planations (SHAP) [20, 21] have been introduced.
These approaches provide visual or feature-level ex-
planations that highlight important regions of skin

lesions used in classification, thereby improving the
interpretability and trustworthiness of Al systems in
clinical practice.

In this study, ConvNeXt-Tiny is employed as
the primary classification model due to its mod-
ern convolutional architecture, which integrates de-
sign principles inspired by vision transformers while
maintaining the efficiency of conventional convo-
lutional neural networks. This characteristic makes
ConvNeXt-Tiny particularly suitable for large-scale
medical image classification tasks that require both
high accuracy and reasonable computational cost.
ConvNeXt adopts a purely convolutional design,
incorporating several architectural refinements in-
spired by transformer models [22]], such as large
kernel sizes, inverted bottlenecks, and layer nor-
malization. Compared to conventional CNNs such
as ResNet and DenseNet, ConvNeXt demonstrates
superior performance on large-scale vision bench-
marks (e.g., ImageNet [23]]) while maintaining com-
putational efficiency, making it particularly suitable
for medical imaging tasks where both accuracy and
resource efficiency are essential. The Tiny variant is
chosen as it provides an optimal balance between
performance and computational cost, allowing its
application in real-world clinical environments with
limited hardware resources [24, 25]].

Therefore, this research proposes a comprehen-
sive evaluation of ConvNeXt Tiny for skin cancer
image classification, addressing both performance
optimization through data RAW, Undersampling,
and Oversampling via Augmentation dataset con-
figurations and model interpretability through XAI
integration. This study makes several important con-
tributions to the field of skin cancer image classifica-
tion. First, it provides a comprehensive comparative
analysis of different dataset configurations, including
RAW data, Undersampling, and Oversampling via
data augmentation, using multiple publicly available
skin lesion datasets. Second, it evaluates the perfor-
mance of the ConvNeXt-Tiny model across vary-
ing data-balancing strategies and learning rate set-
tings, with a particular focus on classification accu-
racy, training stability, and computational efficiency.
Third, this study analyzes the trade-offs between
performance and resource consumption to support
practical deployment considerations in clinical envi-
ronments. Finally, Explainable Artificial Intelligence
techniques, namely Grad-CAM and LIME, are in-
tegrated to validate model predictions and enhance
interpretability, thereby improving the clinical relia-
bility of the proposed approach.
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2. Research Method 2.3. Balancing Strategies

This section describes the research work ow,  This study employs three dataset con gurations,
data sources, preprocessing, balancing strategies aamely RAW, Undersampling, and Oversampling
the main contribution, ConvNeXt-Tiny training sce- via Augmentation. The RAW dataset is obtained
narios, evaluation protocol, XAl analyses, and pro-after preprocessing and does not involve any class-
cedures for comparison and discussion. The descrippalancing operations. The Undersampling con gu-
tions in[Figure P include details of implementations. ration randomly reduces the majority class to match

presents the overall research work ow the minority class sample count, thereby achieving
used in this study. The RAW dataset in subsubseca fully oversampled dataset via augmentation at the
tion 2.3.1 is obtained directly after preprocessingcost of reduced data diversity. The Oversampling
and serves as the baseline con guration without anyvia Augmentation con guration augments samples
balancing operations. The main contribution is afrom the minority class to reduce class imbalance;
method for balancing class imbalance using Underhowever, due to practical constraints, a slight class
sampling and Oversampling via the Augmentationimbalance persists. These three con gurations are
Technique after preprocessing. Detailed explanatiorevaluated independently to enable a fair comparative
can be seen in subsection 2.3 and for each balancingnalysis.
strategy for Undersampling in subsubsection 2.3.2 Three dataset con gurations are used in this
and Oversampling via Augmentation in subsubsecstudy, each with a dedicated metadata CSV le:
tion 2.3.3. Each balancing strategy is trained andRAW, Undersampling, and Oversampling via Aug-
evaluated independently using the same model armentation. As illustrated in Figure 3, the RAW
chitecture and experimental settings to ensure a faiflataset comprises 400,513 benign and 14,829 ma-
comparison. lignant samples. In this study, undersampling and
oversampling via augmentation strategies are applied
only to their respective dataset con gurations, while
the RAW dataset is used solely as a baseline, without
i , ) any class-balancing operations. The Undersampling

The main dataset on this research is ISIC 2024iagyits can be seen in Figure 6, while the Over-
[12], which is explained in section 1. This datasetsampling via Augmentation results are shown in
was combined with dataset from ISIC 2019 [26], Figure 7. After applying the undersampling strategy,
ISIC 2020 [27], HAM10000 [28] and PROVe-Al poth the benign (0) and malignant (1) classes contain
[29]. For each dataset, include the same name angl 829 samples each. The results of the Oversam-
label for every class in Benign and Malignant. The pling via Augmentation in Benign (0) are 400,513

additional dataset only adds the Malignant Classyata, and Malignant (1) is 399,821 data. The dataset

dataset. Additionally, we excluded the Indetermi-
nate Class for optimal classication results. The 2.3.1. RAW. The RAW is combined from only 5

combined results are shown in Figure 3, and theyy,iaqets. This section has no process within augmen-
imply an imbalance in class conditions, with Benign

; tation or other processes. The process in this section
labeled 0 and Malignant labeled 1. occurs only in subsection 2.2. The results of class
distribution in Figure 3.

2.1. Dataset Collection

2.2. Preprocessing

2.3.2. Undersampling. This section is like what

All processes are implemented by loading im- RAW has done. But this randomly samples the ma-
ages, resizing, normalizing, cleaning, and savingiority class down to the minority class count. The
metadata. The sample of Benign images is shown ifandom state is set to 42 for reproducibility. The
Figure 4 and the malignant images are in Figure 5results of class distribution in Figure 6.
All images are resized into 224 224 pixels for
the standard ConvNeXt models. Also, normalize the2.3.3. Oversampling via Augmentation. Exam-
images within Convert to PyTorch tensors and ap-ples of the augmentation results are shown in Fig-
ply ImageNet normalization (mean = [0.485, 0.456,ure 9 to illustrate the visual effects of the ap-
0.406], std =[0.229, 0.224, 0.225]) only at the loaderplied geometric and photometric transformations on
transform stage. The cleaning process drops NaNninority-class samples. The process includes geo-
and Indeterminate class labels. All of them save intometric transforms: RandomHorizontalFlip, Random-
metadata for each name in CSV format. Rotation (20 ), RandomResizedCrop (optional),
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