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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-
XAI

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

This section describes the research workflow,
data sources, preprocessing, balancing strategies as
the main contribution, ConvNeXt-Tiny training sce-
narios, evaluation protocol, XAI analyses, and pro-
cedures for comparison and discussion. The descrip-
tions in include details of implementations.

presents the overall research workflow
used in this study. The RAW dataset in
tion 2.3.1] is obtained directly after preprocessing
and serves as the baseline configuration without any
balancing operations. The main contribution is a
method for balancing class imbalance using Under-
sampling and Oversampling via the Augmentation
Technique after preprocessing. Detailed explanation
can be seen in [subsection 2.3|and for each balancing
strategy for Undersampling in [subsubsection 2.3.2
and Oversampling via Augmentation in [subsubsec-
Each balancing strategy is trained and
evaluated independently using the same model ar-
chitecture and experimental settings to ensure a fair
comparison.

2.1. Dataset Collection

The main dataset on this research is ISIC 2024
[12], which is explained in This dataset
was combined with dataset from ISIC 2019 [26],
ISIC 2020 [27], HAM10000 [28] and PROVe-Al
[29]. For each dataset, include the same name and
label for every class in Benign and Malignant. The
additional dataset only adds the Malignant Class
to balance the class distribution in the ISIC 2024
dataset. Additionally, we excluded the Indetermi-
nate Class for optimal classification results. The
combined results are shown in and they
imply an imbalance in class conditions, with Benign
labeled 0 and Malignant labeled 1.

2.2. Preprocessing

All processes are implemented by loading im-
ages, resizing, normalizing, cleaning, and saving
metadata. The sample of Benign images is shown in
[Figure 4] and the malignant images are in
All images are resized into 224x224 pixels for
the standard ConvNeXt models. Also, normalize the
images within Convert to PyTorch tensors and ap-
ply ImageNet normalization (mean = [0.485, 0.456,
0.406], std =[0.229, 0.224, 0.225]) only at the loader
transform stage. The cleaning process drops NaN
and Indeterminate class labels. All of them save into
metadata for each name in CSV format.

2.3. Balancing Strategies

This study employs three dataset configurations,
namely RAW, Undersampling, and Oversampling
via Augmentation. The RAW dataset is obtained
after preprocessing and does not involve any class-
balancing operations. The Undersampling configu-
ration randomly reduces the majority class to match
the minority class sample count, thereby achieving
a fully oversampled dataset via augmentation at the
cost of reduced data diversity. The Oversampling
via Augmentation configuration augments samples
from the minority class to reduce class imbalance;
however, due to practical constraints, a slight class
imbalance persists. These three configurations are
evaluated independently to enable a fair comparative
analysis.

Three dataset configurations are used in this
study, each with a dedicated metadata CSV file:
RAW, Undersampling, and Oversampling via Aug-
mentation. As illustrated in the RAW
dataset comprises 400,513 benign and 14,829 ma-
lignant samples. In this study, undersampling and
oversampling via augmentation strategies are applied
only to their respective dataset configurations, while
the RAW dataset is used solely as a baseline, without
any class-balancing operations. The Undersampling
results can be seen in [Fig 6, while the Over-
sampling via Augmentation results are shown in
After applying the undersampling strategy,
both the benign (0) and malignant (1) classes contain
14,829 samples each. The results of the Oversam-
pling via Augmentation in Benign (0) are 400,513
data, and Malignant (1) is 399,821 data. The dataset

comparison graph can be seen in

2.3.1. RAW. The RAW is combined from only 5
datasets. This section has no process within augmen-
tation or other processes. The process in this section

occurs only in The results of class
distribution in

2.3.2. Undersampling. This section is like what
RAW has done. But this randomly samples the ma-
jority class down to the minority class count. The
random state is set to 42 for reproducibility. The

results of class distribution in

2.3.3. Oversampling via Augmentation. Exam-
ples of the augmentation results are shown in |Fig-]
to illustrate the visual effects of the ap-
plied geometric and photometric transformations on
minority-class samples. The process includes geo-
metric transforms: RandomHorizontalFlip, Random-
Rotation (£20°), RandomResizedCrop (optional),
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Figure 2. Research method.
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Figure 3. Class distribution after combined and before
balancing.

Figure 4. Sample images of Benign.

RandomVerticalFlip (optional), photometric trans-
forms: ColorJitter (brightness=0.2, contrast=0.2, sat-
uration=0.15), blur variants (randomly apply one
for each): GaussianBlur with kernel sizes chosen
randomly from [3,5,7], BoxBlur with radius uni-
form in [0.5, 2.0], and Combined: GaussianBlur then

Figure 5. Sample images of Malignant.
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Figure 6. Undersampling class distribution.

BoxBlur with a smaller radius. For reproducibility,
use a fixed seed and, where possible, deterministic
augmentation sampling, and log the augmentation
parameters used per generated image. The augmen-
tation results can be seen in || 9l The results of

class distribution in
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Class Distribution After Balancing
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Figure 7. Class distribution after applying oversampling
via augmentation.
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Figure 8. Dataset comparison.

2.4. ConvNeXt-Tiny Model Training

This section describes the architecture and train-
ing configuration of the ConvNeXt-Tiny model. The
explanation is structured into two parts: model ar-
chitecture and training scenario.

2.4.1. ConvNeXt-Tiny Model Architecture. Con-
vNeXt is a family of modern CNN models designed
to be more efficient, simple, and modular. ConvNext
can incorporate several design elements from the
Transformer architecture (e.g., Layer Normalization,
Multi-Layer Perceptron (MLP) block expansion),
such as the Vision Transformer (ViT) and Swin
Transformer. However, it still maintains the convo-
lutional structure by using a 7x7 kernel, an inverted
bottleneck from MobileNetV2, Layer Normalization
replacing Batch Normalization, and the use of GELU
instead of ReLU [30], 31]].

Some important points of the ConvNeXt-Tiny
design are the use of stem patchify style (replacing
the initial large convolution layer with patch/stride
= 4), the basic block uses depthwise convolution
+ pointwise convolution (inverted bottleneck style),
the addition of LayerScale and stochastic depth as
regularization, normalization of the LN layer (Lay-
erNorm) instead of BatchNorm in some parts, and
the block division scheme per stage follows a more
Oversampling via Augmentation pattern than ResNet

(310

In the general block structure of
ConvNeXt-Tiny is Depthwise convolution (kernel
7x7), Pointwise 1x1 convolution becomes expan-
sion (e.g., factor 4), Activation (GELU), Point-
wise 1x1 convolution becomes back projection, and
Residual connection plus LayerScale and stochastic
depth. A normalization layer (LayerNorm) is gener-
ally applied before or after convolution, depending
on the implementation. The ConvNeXt-Tiny model
also uses downsampling between stages, increasing
the number of channels and decreasing the spatial
resolution (as in most CNNs).

ConvNeXt-Tiny has advantages, including main-
taining the computational efficiency of convolution
(more efficient than attention in some scenarios) and
Being Modular and flexible — easily used as a back-
bone for classification, detection, and segmentation.
ConvNeXt-Tiny is also compatible with powerful
training techniques (augmentation, regularization).
ConvNeXt-Tiny also faces challenges due to its de-
pendence on the number of parameters and dataset
capacity. Selecting the right layer for XAl is difficult
due to the residual structure and the presence of mul-
tiple blocks. Integration of self-supervised or transfer
learning techniques sometimes requires architectural

adjustments [22], [30} 31].

2.4.2. ConvNeXt-Tiny Model Scenario Training
and Evaluation Metrics. In this research, model
testing was conducted using the ConvNeXt Tiny ar-
chitecture across several training scenarios to evalu-
ate performance under varying datasets and hyperpa-
rameter settings. The datasets were divided into three
forms: the original dataset (RAW), an Oversampling
via Augmentation dataset generated via oversam-
pling techniques, and a controlled undersampled
dataset. Each dataset was then trained with the Con-
vNeXt Tiny model at learning rates of le-3 and le-
4. The training process was run for 30 epochs, with
evaluation metrics recorded at each iteration. These
metrics included train loss, train accuracy, validation
loss, validation accuracy, F1-Score, precision, recall,
memory usage, and execution time per epoch. The
best model in each scenario was saved in a ”.pth” file
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Figure 10. ConvNeXt-Tiny architecture.

for further analysis using the Explainable Al (XAI)
method. With this scenario design, a comparative
analysis can be conducted of the effects of dataset
balancing strategies and learning rate variations on
the generalization ability of ConvNeXt Tiny for skin
cancer image classification.

2.5. Explainable AI (XAI) Methods

To ensure the CNN method using ConvNeXt-
Tiny yields accurate results, we used XAI to ana-
lyze and demonstrate the possible outcomes of skin
area images for lesion classes. This XAI method is
useful for interpreting image outputs by highlighting
images processed by the CNN model and providing
a confidence value indicating the accuracy of the re-
sults. This XAI method uses Grad-CAM (Gradient-
weighted Class Activation Mapping) and LIME (Lo-
cal Interpretable Model-agnostic Explanations).

2.5.1. Grad-CAM (Gradient-weighted Class Ac-
tivation Mapping). Grad-CAM is an XAI method
that generates activation maps and uses the gradient
of the target score to highlight salient regions that
influence the CNN’s decision. The basic principle
of Grad-CAM is to utilize the gradient flowing from
the output layer to the final convolutional layer to
determine how much each spatial feature contributes
to the prediction of a particular class. In other
words, Grad-CAM produces a heatmap showing the
areas in the image that most influence the classifica-

tion decision. Mathematically, in Grad-

CAM calculates the weighted importance of af, for

each map feature A* in the last convolutional layer
by averaging the gradients of the class scores y°

(11l 211 132].

af = 1 Z Z % (1)
BTy L LAk,
[ Jj J
The variable ¥ is the score before softmax for
the target class c, then Af- is the activation of the
position in (é,5) of the feature map k, and Z is
the number of units in the feature map (normalized
average gradient). Then, to select only those features
with a positive influence on the class of interest,
a weighted combination of the forward activation
maps is performed, and the rectified linear unit

(ReLU) function is applied in

Lracam = RGLU(Z agAY) @)
%

The resulting activation map is a weighted vi-
sualization of the regions of greatest importance for
classification [21].

2.5.2. LIME (Local Interpretable Model-agnostic
Explanations). Local Interpretable Model-agnostic
Explanations (LIME) is a model-agnostic method
that explains individual predictions by building sim-
pler, interpretable models (e.g., linear regression)
around specific input samples. The main idea is that
while complex models such as CNNs or Transform-
ers are difficult to interpret globally, their predictions



Permadi et.al., Comparative Analysis on Data Balancing and Augmentation 147

for a single data instance can be locally approxi-
mated by simpler models. LIME works by perturb-
ing the input data (e.g., by masking or shuffling
image pixels) and observing how these perturbations
affect the model’s output. In doing so, LIME gener-
ates a visual map that highlights which parts of the
input contribute most to the prediction. This makes
it particularly effective because it does not depend
on a specific model architecture. Importantly, LIME
does not attempt to provide a global explanation of
the model; instead, it focuses on local fidelity by
approximating the decision boundary near a single
prediction. The mathematical formulation of LIME

is given in [19] [33], [34].

&(a) = argminL(f.9.7,) + Qg) @)

The variable g is the interpretable surrogate
model that approximates the original complex model
f. The term 7, is a proximity measure that assigns
higher weights to perturbed samples closer to the
original instance z. Q(g) is a complexity measure
to ensure the model g remains interpretable, and
L(f.g.mz) + Q(g) is the loss function that measures
how well the model approximates the original model

f, which is achieved by (19, 33l 34].

L(f.gm:)+Q2g) = Y m(2)(f(2)—9(z)* 4

z.z'eZ

The variable 2/, represents the perturbed version
of the original instance x in the interpretable feature
space.

3. Results and Discussion

3.1. Training Environment and Experimen-
tal Setup

All experiments were conducted using Python
3.12 and PyTorch 2.4, with CUDA 12.9 for GPU
acceleration. Models were trained with a batch size
of 32, the Adam optimizer, the GELU activation
function, and Cross-Entropy Loss at loss rates of
0.001 and 0.0001. The training and validation pro-
cesses are carried out by dividing the data into 80%
for training and 20% for validation. The training
process was also conducted on an NVIDIA GeForce
RTX 4090 GPU with 24 GB of VRAM, ensur-
ing all experiments ran efficiently without memory
constraints. The training environment was run on
Ubuntu 24.04 LTS with the NVIDIA driver version
575.57.08.

3.2. Training and Validation Performance
Analysis

This section observes the effect of the learning
rate on model convergence. However, there are dif-
ferences in validation losses between models and
data scenarios in the Undersample, RAW, and Over-
sampling via Augmentation dataset types. The train-
ing process was run for 30 epochs for each dataset
scenario (RAW, Oversampling via Augmentation,
Undersampling) with two learning rates (0.001 and
0.0001). A summary of the overall performance

results is shown in [Table 1] and [Figure T1] The com-

putational and memory efficiency results are shown

in [Table 2] and [Figure 12]

3.2.1. RAW Dataset. The training results of each

model on Raw with a LR=0.001 in
and Raw with a LR=0.0001 in The

RAW dataset achieved near-perfect performance
when trained with a LR=0.0001. The model achieved
a validation accuracy of 99.89%, an F1-Score of
0.999, and nearly identical precision and recall.
Training loss and validation loss were both ex-
tremely low, indicating strong convergence with-
out signs of overfitting. In terms of computational
efficiency, training required 1.8 GB of memory
and 1220 seconds ( 20 minutes), making it highly
efficient relative to other strategies. This shows that
ConvNeXt-Tiny can handle the class imbalance in
the RAW dataset without significant degradation in
minority-class detection.

3.2.2. Oversampling Dataset (Augmentation).
The Oversampling via Augmentation dataset demon-
strates strong classification performance when
trained with a LR=0.0001, achieving near-perfect
validation accuracy and F1-score. However, this im-
provement is accompanied by a significant increase
in computational cost due to the augmented dataset
size.

The balancing strategy via augmentation pro-
duced similarly strong results, with a validation
accuracy of 99.93% and an F1-Score of 0.9993
at LR=0.0001. Precision and recall remained at
~0.999 with Oversampling via Augmentation. This
demonstrates that augmenting the minority class can
yield models as performant as those trained on the
RAW dataset, with the added advantage of fairness
across classes. However, this improvement comes
at a high computational cost. The Oversampling
via Augmentation dataset required 4,381-6,103 sec-
onds (=1h—-1h 40m) for training, and memory us-
age ranged from 1.25 GB to 2.05 GB, higher than
RAW. Moreover, when trained with LR=0.001, the
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Table 1. Evaluation results of the ConvNeXt-Tiny model on various dataset scenarios.

Train 1rain Accuracy Val Val Accuracy Val Val
Dataset Epoch LR Loss (%) Loss (%) F1-Score  Precision Recall
RAW 30 0.001 0.016 99.654 0.014 99.709 0.997 0.997 0.997
Oversampling 30 0.001 0.693 50.048 0.694 49.766 0.331 0.248 0.498
via Aug-
mentation
Undersample 30 0.001 0.054 98.431 0.075 97.807 0.978 0.979 0.978
RAW 30 0.0001  0.001 99.986 0.012 99.882 0.999 0.999 0.999
Oversampling 30 0.0001  0.000 99.992 0.008 99.899 0.999 0.999 0.999
via Aug-
mentation
Undersample 30 0.0001  0.004 99.873 0.097 98.988 0.990 0.990 0.990
Comparison of Validation Accuracy and F1-Score per Model (with LR & Epoch)
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Figure 11. Comparison of validation accuracy and F1-Score per model (with LR & Epoch).

Table 2. Evaluation results of the ConvNeXt-Tiny model on computation time and memory.

Dataset Epoch LR Memory (MB)  Time (s)
RAW 30 0.001 1810.25 1216.52
Oversampling via Augmentation 30 0.001 2066.90 4172.01
Undersample 30 0.001 772.82 194.94
RAW 30 0.0001 1812.43 1222.03
Oversampling via Augmentation 30 0.0001 1287.92 6102.93
Undersample 30 0.0001 1325.97 150.59

Oversampling via Augmentation model collapsed,
achieving only ~50% accuracy and an F1-Score of
~0.33, highlighting the importance of careful hyper-
parameter tuning when using heavy augmentation.
The Oversampling via Augmentation results in a
LR=0.001 in Oversampling via Augmen-
tation with a LR=0.0001 in[Figure 16]in consecutive.

3.2.3. Undersampling Dataset. The undersampling
strategy provided efficient training, with memory
usage between 0.77-1.3 GB and training time of

150-287 seconds (=~2-5 minutes). However, the re-
duction in data diversity led to slightly lower perfor-
mance than in the RAW and Oversampling via Aug-
mentation modes. At the best LR=0.0001, the model
achieved 98.99% accuracy, an F1-Score of 0.990,
and precision and recall of 0.999 and 0.999, respec-
tively, under Oversampling via Augmentation. While
this accuracy is strong, the ~1% gap compared to
RAW/Oversampling via Augmentation models in-
dicates the cost of discarding a significant portion
of the dataset. Thus, undersampling is suitable for



Permadi et.al., Comparative Analysis on Data Balancing and Augmentation 149

Memory and Timing Comparison of All Models
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Figure 12. Memory and timing comparison of all models.
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Figure 13. Training results dataset RAW with LR=0.001.
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Figure 15. Training results dataset Oversampling via Aug-
mentation with LR=0.001.
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Figure 16. Training results dataset Oversampling via Aug-
mentation with LR=0.0001.

last-epoch conditions. The comparison can be seen

in [Figure 19| and [Table 3|

sample results with a LR=0.001 in Figure [Figure 17}
Undersample with a LR=0.0001 in

3.2.4. Computational and Memory Efficiency.

Computational efficiency was analyzed by compar-
ing GPU memory usage and average epoch execu-
tion time across model scenarios. The results showed
significant differences between the models across the
RAW, Oversampling via Augmentation, and Under-
sampling datasets, as well as between the best- and

In both RAW datasets, the average time per
epoch was 40—41 seconds, with an average mem-
ory usage of around 60 MB/epoch. This indicates
that the model achieved stable convergence without
excessive computational overhead. This dataset is
efficient and stable, with the best trade-off between
accuracy and computational cost.

On the Oversampling via Augmentation dataset,
the computational overhead increased significantly.
For the best epoch (e.g., LR=(0.001) with 4 epochs),
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Figure 17. Training results dataset Undersample with
LR=0.001.
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Figure 18. Training results dataset Undersample with
LR=0.0001.

the average time per epoch reached >1000 seconds,
and despite the small number of epochs, the mem-
ory overhead remained high ( 500 MB/epoch). This
dataset is very slow, with high memory usage due to
oversampling, and fails to improve accuracy (stuck
at ~=50%). When the model was trained to the last
epoch (30 epochs), the time per epoch remained
high (>200 seconds) and the memory footprint was
relatively large (40-50 MB/epoch). This is consistent
with the theory that oversampling and augmentation
increase the effective size of the dataset, making the
training process slower and more memory-intensive.
But, the Oversampling via Augmentation dataset
with LR=0.0001 is still computationally heavy, per-
formance is highly sensitive to the learning rate, and
it achieves a more stable, reasonable time per epoch
and high accuracy (x=99.9%).

Conversely, the Undersample dataset exhibits the
most efficient computational performance. At the
best epoch (14-30 epochs and LR=0.001), the av-
erage training time is only 5-20 seconds per epoch,
with a smaller average memory footprint (2545
MB/epoch). This is due to the reduction in most
of the data, which shrinks the dataset size and
makes the feed-forward and backpropagation pro-
cesses lighter. However, this efficiency comes at
the cost of a slight decrease in validation accuracy
compared to the RAW dataset. The Undersample
dataset with LR=0.0001 is the most efficient, pro-
viding very fast training with an acceptable accu-
racy of about 98%. Very efficient, maintains high
accuracy (~=99%), but loses information about the
majority class. Also, the results are consistently fast,
but validation accuracy is slightly lower compared
to the RAW dataset. Overall, these results show

that the Oversampling via Augmentation dataset is
the most computationally expensive, RAW is at an
intermediate level with an optimal trade-off between
accuracy and efficiency, and Undersample is the
most efficient but may entail information loss due
to data reduction.

3.3. XAI Results

To improve model interpretability, this study also
used two XAI methods: GradCAM and LIME. This
section presents an analysis of the ConvNeXt-Tiny
model using three dataset variations, namely RAW,
Undersampling, and Oversampling via Augmenta-
tion, combined with two learning rate values of
0.001 and 0.0001.

The prediction results in indicate that all
samples were correctly classified according to their
original labels (true_label = 0 and pred_label = 0).

1) RAW dataset: very high (0.9945-0.9999).

2) Oversampling via Augmentation dataset:
low for LR=0.001 (= 0.5055, close to
random guessing), but maximum (1.0) at
LR=0.0001.

3) Undersample dataset: high (0.9159-1.0).

This shows that the Oversampling via Augmen-
tation dataset with LR=0.001 still fails to achieve
stable learning, even though the model provides
correct predictions with low confidence.

3.3.1. GradCAM Visualization. Based on the ex-
perimental results, the GradCAM visualization of
the ConvNeXt-Tiny model shows a pattern con-
sistent with the model’s quantitative metrics (see

In the RAW dataset (0.001 & 0.0001), GradCAM
exhibits a strong focus on the main lesion area.
An LR of 0.001 indicates that the heatmap focuses
on the lesion core, with the red area extensively
covering the melanoma. This supports high confi-
dence (0.9945-0.9981) and suggests the model can
distinguish the lesion from the background. Mean-
while, an LR of 0.0001 indicates sharper activation,
localized to the most critical parts of the lesion. Con-
fidence is nearly perfect (0.9998-0.9999), indicating
optimal convergence.

In the Oversampling via Augmentation Dataset,
LR=0.001 indicates that the GradCAM Heatmap
spreads to the background rather than focusing on
the lesion. The Confidence value is low (/0.5055).
This is consistent with the validation accuracy
of ~50% and indicates underfitting. Meanwhile,
LR=0.0001 indicates that activation becomes highly
focused, with high heat intensity in the melanoma



Permadi et.al., Comparative Analysis on Data Balancing and Augmentation 151

Table 3. Summary of computational and memory efficiency across dataset variants.

Dataset Variant Learning Rate  Epoch Avg Time/epoch (s) Avg Mem/epoch (MB)
RAW 0.001 / 0.0001 30 (best & last) 4041 ~60

Oversampling via Augmentation ~ 0.001 (best) 4 (best) ~1044 ~512

Oversampling via Augmentation  0.0001 (best) 26 (best) ~168 ~48

Oversampling via Augmentation ~ 0.001 / 0.0001 30 (last) ~200-210 ~43-45

Undersample 0.001 (best) 14 (best) ~20.5 ~68

Undersample 0.0001 (best) 30 (best) ~5 ~44

Undersample 0.001 / 0.0001 30 (last) ~6-6.5 ~26-44

Comparison of Time and Memory per Epoch (Best vs Last)
601.5

1000

800

600

Time per Epoch (s)

200

- 500

Memory per Epoch (MB

Model Variant

Figure 19. Average time and memory per Epoch (Best vs Last Epoch).

Sample 0 | Model=convnext tiny | Method=GradCAM

Figure 20. GradCAM visualization results.

area. Confidence reaches 1.0, demonstrating that a
lower learning rate corrects errors in the Oversam-
pling via Augmentation model.

In the Undersample Dataset, LR=0.001 indi-

cates that the Heatmap remains focused on the
lesion, but extends more widely (over-activation)
to the background. Confidence value is quite high
(0.9159-0.9924). This pattern indicates limited in-
formation due to benign data reduction. LR=0.0001
indicates that activation is more localized to the
lesion core, consistent with a confidence value of
1.0. This demonstrates that despite limited data, the
model can still learn critical features stably.

3.3.2. LIME (Local Interpretations). The sum-
mary results of the LIME analysis are shown in
LIME displays the superpixels that con-
tribute to the model’s predictions, enabling it to
assess whether its decisions are based on the lesion
area or the background.

In the RAW Dataset, LR=0.001 indicates that
the superpixels supporting the prediction are dis-
tributed precisely within the lesion area, with clear
contrast boundaries against healthy skin. This aligns
with high confidence (0.9945-0.9981). Meanwhile,
LR=0.0001 indicates that the superpixels more
closely follow the melanoma contour, with denser
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Table 4. XAI prediction results using ConvNeXt-Tiny with GradCAM and LIME.

Sample Model Variant LR True Label Pred Label Confidence
ConvNeXt-Tiny RAW 0.001 0 0 0.9945
ConvNeXt-Tiny RAW 0.0001 0 0 0.9999

0 ConvNeXt-Tiny  Oversampling via Augmentation  0.001 0 0 0.5055
ConvNeXt-Tiny ~ Oversampling via Augmentation  0.0001 0 0 1.0000
ConvNeXt-Tiny Undersample 0.001 0 0 0.9159
ConvNeXt-Tiny Undersample 0.0001 0 0 1.0000
ConvNeXt-Tiny RAW 0.001 0 0 0.9981
ConvNeXt-Tiny RAW 0.0001 0 0 0.9998

| ConvNeXt-Tiny  Oversampling via Augmentation  0.001 0 0 0.5055
ConvNeXt-Tiny  Oversampling via Augmentation  0.0001 0 0 1.0000
ConvNeXt-Tiny Undersample 0.001 0 0 0.9408
ConvNeXt-Tiny Undersample 0.0001 0 0 1.0000
ConvNeXt-Tiny RAW 0.001 0 0 0.9981
ConvNeXt-Tiny RAW 0.0001 0 0 0.9999

5 ConvNeXt-Tiny  Oversampling via Augmentation  0.001 0 0 0.5055
ConvNeXt-Tiny  Oversampling via Augmentation  0.0001 0 0 1.0000
ConvNeXt-Tiny Undersample 0.001 0 0 0.9924
ConvNeXt-Tiny Undersample 0.0001 0 0 1.0000

The limited information can be explained by the
cropped dataset. Meanwhile, LR=0.0001 indicates
perfect confidence (1.0). The superpixels are denser
in the target area, with segmentation consistently

. ¥ highlighting the lesions. This demonstrates that de-
i | spite the smaller dataset, feature representations can
- e still be learned effectively if the learning rate is
e o optimized.
- ¥ |

. o » i 3.4. Discussion
w Experimental results show that the learning rate
’V is the most influential factor affecting convergence
A i stability. Across all dataset variants, LR=0.0001 con-

Figure 21. LIME visualization results.

coverage in the lesion core. Confidence is nearly per-
fect (0.9998-0.9999). This confirms that the model
is not only accurate but also interpretable.

In the Oversampling via Augmentation Dataset,
LR=0.001 indicates low confidence (/~0.5055). The
superpixels in the image are spread out into the
background and inconsistently highlight the Ie-
sion. This pattern supports underfitting. Meanwhile,
LR=0.0001 indicates that confidence increases to
1.0. The superpixel results are more focused on
dominant lesions, with a clear distribution in the
cancerous areas. These results demonstrate that hy-
perparameter tuning is crucial for improving results
on the Oversampling via Augmentation dataset.

On the Undersample Dataset, LR=0.001 indi-
cates high confidence (0.9159-0.9924). The super-
pixels are sufficiently focused on the lesion area, al-
though some small melanoma areas are not covered.

sistently yielded low training and validation losses
and accuracy approaching 100%. While LR=0.001
proved too high for the Oversampling via Aug-
mentation dataset, resulting in underfitting with a
loss of ~0.693 and accuracy approaching 50%. This
phenomenon aligns with the theory of two-class
cross-entropy loss, where random predictions yield
loss values approaching log(2). The RAW dataset
remains the best baseline because it is stable at
both LR values, while the undersample, while still
converging, exhibits higher validation loss due to
limited data representation.

In terms of evaluation metrics, the Oversampling
via Augmentation using LR=0.0001 combination
provides the highest quantitative performance (Val
Acc 99.93%, F1-Score 0.9993) while ensuring a
more Oversampling via Augmentation class distri-
bution, but at a higher computational cost. The RAW
dataset with LR=0.0001 provided the best trade-off
between near-perfect accuracy (Val Acc 99.88%) and
efficiency, making it more practical for deployment.
Undersampling achieved the highest computational
efficiency, with the lowest epoch time and memory
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requirements, but it showed slightly lower accuracy
(Val Acc 98.99%, F1-Score 0.990) and was more
susceptible to data bias. These results suggest that
selecting a balancing strategy should prioritize fair-
ness, performance, and efficiency.

XAI analysis (GradCAM and LIME) reinforced
the quantitative findings with visual evidence. On
the RAW dataset, with Oversampling via Aug-
mentation and LR=0.0001, GradCAM produced a
sharp heatmap focused on the lesion core. At
the same time, LIME produced consistent super-
pixels around the melanoma, indicating that the
model was indeed learning clinically relevant fea-
tures. In contrast, Oversampling via Augmentation
with LR=0.001 produced a diffuse heatmap and
out-of-focus superpixels, indicating low confidence
(~0.5055) and validation failure. On Undersample,
GradCAM still highlights lesions, but more broadly
(over-activation), while LIME does not always cover
the entire lesion, reflecting the limitations of a
small dataset. Overall, XAI demonstrates model in-
terpretability that is consistent with confidence and
validation metrics and confirms the model’s trust-
worthiness for medical applications.

4. Conclusions and Future Works

4.1. Conclusions

Based on experimental results with the
ConvNeXt-Tiny architecture across multiple dataset
configurations, the learning rate plays a crucial
role in determining model performance. A smaller
LR=0.0001 consistently provides more stable
training and better classification results than a
larger LR. In contrast, a large LR=0.001 leads to
underfitting on the Oversampling via Augmentation
dataset, with an accuracy of only about 50.05%. The
RAW dataset with LR=0.0001 is the best overall,
offering an optimal trade-off between performance,
stability, and computational efficiency (Val Acc
99.88%, F1-Score 0.9988). An Oversampling via
Augmentation dataset with LR=0.0001 achieves
the highest quantitative performance (Val Acc
99.93%, F1-Score 0.9993) and provides a more
representative representation of the Malignant
minority class. However, this strategy requires
more time and memory. The undersampled dataset
provides the best computational efficiency, with
the fastest epoch time and the smallest memory
usage. Still, accuracy decreases (Val Acc 98.99%,
F1-Score 0.990) and shows indications of over-
activation in GradCAM. Finally, XAI analysis
(GradCAM and LIME) shows that the model
with the optimal configuration really focuses on

the lesion area. In contrast, the failed model
(Oversampling via Augmentation with LR=0.001)
exhibits a scattered, inconsistent pattern in its
visualization. This emphasizes the importance of
combining quantitative and interpretability metrics
for medical model validation.

4.2. Future Works

Although the experimental results demonstrate
strong classification performance, several limitations
of the current study motivate future research di-
rections. The data balancing strategy primarily re-
lies on handcrafted augmentation techniques, which
may not fully capture the complex morphological
and textural variations of malignant skin lesions
encountered in real clinical practice. Future work
should therefore investigate alternative strategies to
address class imbalance not only at the data level
but also at the model and loss function levels. One
promising direction is to incorporate class weighting
into the loss function, enabling the model to penalize
misclassifications of minority classes more heavily
without increasing the dataset size. This approach
could reduce computational overhead while improv-
ing sensitivity to malignant cases.

Another potential extension involves applying
label smoothing techniques to mitigate overconfident
predictions and improve generalization, particularly
in heavily augmented datasets. Label smoothing may
help stabilize training by preventing the model from
becoming overly certain about noisy or synthetic
samples generated through augmentation. In addi-
tion, future studies could explore the use of local or
region-aware loss functions that emphasize learning
from lesion-specific regions rather than treating all
image pixels equally. Such loss formulations may
better align the optimization process with clinically
relevant visual cues, especially when combined with
explainability-driven supervision.

From a data sampling perspective, stratified sam-
pling strategies should be evaluated to ensure that
Oversampling via Augmentation maintains class rep-
resentation across the training and validation splits.
This approach could improve the reliability of per-
formance estimation and reduce sampling bias, par-
ticularly when working with highly imbalanced
datasets aggregated from multiple sources. Further-
more, integrating stratified sampling with cross-
validation protocols may yield more robust, statis-
tically reliable comparisons of different balancing
strategies.

In addition to methodological improvements, fu-
ture research should incorporate formal statistical
significance testing to support comparative conclu-
sions between dataset configurations and training
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strategies. Evaluating the proposed approach on
multi-institutional and multi-ethnic datasets would
further improve generalizability and clinical rele-
vance. Finally, deeper integration of advanced Ex-
plainable Artificial Intelligence techniques, includ-
ing hybrid or hierarchical explanation frameworks,
may enhance clinician trust by providing more con-
sistent and localized interpretations of model predic-

tions.
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