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Abstract—Deep learning based acne severity classification requires consistent color distribution and image illumination for
stable feature extraction. Color imbalance, noise, and lighting variations can affect the accuracy and generalization ability of
the model, making image preprocessing optimization a crucial aspect in dermatological classification. This study analyzes the
impact of image preprocessing on the performance of EfficientNet-B5 in classifying three levels of acne severity using the
Kaggle Acne Grading dataset (999 images; 80% training, 20% testing). The experiment compares the default preprocessing
(resize, normalization) with the proposed preprocessing: gray-world white balance for color stabilization, bilateral filtering for
edge preservation, and adaptive gamma correction for adaptive illumination. The evaluation uses accuracy and loss curves,
confusion matrices, and classification reports, focusing on the macro F1-score to assess the balance between precision and
recall. The results show a slight increase in accuracy from 77% to 78%, a macro F1 score of 75%, and more controlled
overfitting with smaller differences in accuracy and loss between training and validation. Improving image quality before
feature extraction contributes to feature representation and balance in multi-class classification.
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1. INTRODUCTION

Acne is a skin problem that is often experienced by all groups, both teenagers and adults [1]. Acne occurs when
pores become clogged with dust, dirt, oil, or dead skin cells, causing inflammation [2]. Based on Global Burden
of Disease (GBD) data, the global prevalence of acne sufferers is estimated at 9.4%, and around 85% of these
sufferers are young people aged 12 to 25 years [1]. This shows that acne is a skin health issue that requires attention,
as it affects many young people in various countries. Acne not only affects physical appearance but also
psychological well-being [3], such as decreased self-confidence along with the severity of the acne experienced
[4]. By classifying the severity of acne it can help to choose the right treatment method [5]. Diagnosing acne
severity often requires the assistance of a dermatologist, which is time-consuming and expensive. Therefore, an
early health screening system for automatically and accurately classifying acne severity is necessary.

As artificial intelligence technology develops, there is research that uses deep learning to classify acne. [6].
High-quality images are required for deep learning implementation. Using images of varying quality can make it
difficult for the model to find consistent patterns [7]. Examples of varying image quality include differences in
lighting, varying skin tones, noise or visual disturbances, varying resolutions, and shooting angles. Uneven lighting
can result in areas of the face being too bright or dark [8]. In addition, the skin color of each individual can affect
the contrast between lesions and normal skin [9]. The presence of noise interference that covers the area around
the face will trigger errors in detection [10].

To address varying image quality, image preprocessing is necessary. Image preprocessing can improve
classification performance. [11]. Several previous studies have used image preprocessing to classify acne severity,
such as the study by Suriani et al. [12] which image preprocessing techniques such as resizing and automatic
cropping using the MobileNetVV2 model to classify acne severity, achieving an accuracy of 92%. Another study
conducted by Watanabe et al. [13] applied image preprocessing techniques such as ROI extraction, resizing, and
normalization, then processed using the EfficientNet-B2 model to classify acne severity, achieving 90% accuracy.
Meanwhile, research conducted by Ramadhani et al. [14] applied image preprocessing, namely resizing and
rescaling, to the MobileNetV2 model to classify acne severity, achieving an accuracy of 87.29%. Therefore,
selecting the right image preprocessing algorithm and technique can yield high accuracy in classifying acne
severity.

In this study, three image preprocessing techniques will be used gray world white balance, bilateral filter,
and adaptive gamma correction. These three image preprocessing techniques were chosen because they can address
three fundamental problems in acne images color non-uniformity, skin noise, and low contrast. Furthermore, the
combination of these image preprocessing techniques has the potential to provide greater accuracy. The gray world
white balance technique is used to balance the image color, ensuring that the average of the three RGB channels
is the same under the light source [15]. The bilateral filter technique is used to smooth the image while maintaining
the edges of the acne so that they do not disappear [16]. Meanwhile, the adaptive gamma correction technique is
used to brighten an image by calculating each pixel based on the luminance factor and average color [17].
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This study used the EfficientNet-B5 model, a pretrained Convolutional Neural Network (CNN) model with
a compound scaling concept. This model was chosen because it balances depth, width, and resolution, resulting in
good image computation and generalization [18]. In addition, the EfficientNet model can produce good accuracy
with fewer parameters [19]. Several previous studies conducted by Shams et al. [20] using the EfficientNet-B0
model with 99% accuracy compared to Resnet50 and MobileNet. Meanwhile, Pramono et al. [21] using
EfficientNet-V for multi-class acne classification achieved an accuracy of 96.66%.

Based on the previous studies mentioned above, there is a gap in the research the lack of specific image
preprocessing techniques for classifying acne severity. Previous studies generally only used default image
preprocessing methods, such as resizing and normalization [22], [23]. On the other hand, the use of more varied
image preprocessing techniques can improve the quality of the dataset [24]. Most studies primarily focus on model
architecture and classification performance, while the influence of image preprocessing on feature representation
and model performance has received less attention. Therefore, this study proposes a more diverse image
preprocessing stage by adding Gray World White Balance, Bilateral Filter, and Adaptive Gamma Correction.
Furthermore, a comparison of the model performance between the default preprocessing and the proposed
preprocessing is conducted, and the results are analyzed to assess the effect of using image preprocessing.

Thus, the purpose of this study is to apply the EfficientNet-B5 architecture to classify acne severity in facial
images. The performance of the EfficientNet-B5 model will then be compared with the default image
preprocessing and the proposed image preprocessing in the acne severity classification process. The comparison
results will then be used to analyze the effect of the proposed image preprocessing stage on improving the model's
accuracy in performing global grading of acne severity. It is hoped that the combination of gray world white
balance, bilateral filter, and adaptive gamma correction methods in the EfficientNet-B5 architecture will be able
to produce accurate acne severity classification and improve model performance.

2. RESEARCH METHODOLOGY
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Figure 1. Research Stages

This study uses a quantitative experimental approach to analyze the effect of image preprocessing on the
performance of the EfficientNet-B5 model in acne severity classification. The effect is determined by comparing
the results of the model's performance before and after the application of certain image preprocessing methods.
The research flow is carried out systematically, starting from data collection to model performance evaluation,
with each stage being interconnected. The stages consist of dataset collection, data splitting, application of default
and proposed image preprocessing methods, model development, and performance evaluation. As shown in figure
1, the complete flow of the research stages.

2.1 Dataset

Figure 2. Example of acne grading dataset with severity levels (a) level 0, (b) level 1, (c) level 2. Adapted from
[25]

Copyright © 2026 Author, Page 1584
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://creativecommons.org/licenses/by/4.0/

ON Vvolume 7, Nomor 4, Juni 2026
e-ISSN 2685-998X
DOI 10.30865/json.v7i4.9818

¢ Jurnat Sigtem Komputer dan Informatiga (JSON) Hal: 1583-1592

The dataset used in this study is a secondary dataset obtained from the public repository on Kaggle [25]. It is
used exclusively for academic research purposes in accordance with the terms and conditions of the dataset
provider. The dataset concerns the classification of acne severity with a total of 999 images divided into three
classes level 0 with 387, level 1 with 473, and level 2 with 139, as shown in Figure 2 Although this dataset has
been widely used in acne classification studies, it has several limitations. First, the total number of images is
relatively limited for deep learning applications. Second, the class distribution is unbalanced, especially for level
2, which contains significantly fewer samples than level 0 and level 1. This can impact the model's generalization
ability and classification performance, particularly for minority class predictions. Due to the imbalance in
distribution between classes, class weighting will be applied so that the model is not too biased towards the
majority class. Each class is a label category that indicates differences in the severity of the skin condition. Level
0 or mild indicates a skin condition with very few lesions and a predominance of blackheads. Level 1 or moderate
describes the presence of a greater number of papules and pustules with a more pronounced level of inflammation.
Level 2 or severe indicates a significant increase in the number and size of lesions, accompanied by extensive
inflammation that is characteristic of severe acne.

2.2 Split Data

The dataset will be split into two subsets training and testing, with 80% for training and 20% for testing. This
proportion was chosen to ensure the model receives sufficient learning and maintains the quality of previously
unseen data. The data split will be performed before image preprocessing to avoid data leakage [26]. This is done
to prevent the model from simply memorizing patterns and to ensure that model evaluation can be carried out
objectively.

2.3 Image Preprocessing

The image preprocessing stage aims to enhance image quality, reduce the effects of uneven lighting, and preserve
important details in the skin area. The proposed image preprocessing pipeline is applied consistently to the training
and testing datasets. In this study, the first stage of the proposed image preprocessing technique that will be
implemented before model training includes resizing, which adjusts the entire image to maintain consistency [27].
At this stage, the adjusted image will have the same standard dimensions of 456x456. In the second stage, the
image is normalized to ensure that the pixel values are within a consistent range [27]. This step balances the
distribution of pixel values with a range of [0,1] so that there is no difference in scale between images. The next
step in applying the Gray World White Balance technique is to normalize skin color so that the distribution of
RGB channel intensity is balanced [15]. This technique assumes the image is close to neutral gray, thus eliminating
bias due to differences in lighting conditions. The next step is the Bilateral Filter to reduce noise in the image
without removing edges, so that the resulting image is more representative [16]. This Bilateral filter is applied with
a diameter (d) of 7, sigma color 50, and sigma space 50. In the final stage, the Adaptive Gamma Correction
technique is applied to adjust the contrast and brightness levels of the image [17]. This technique uses a gamma
value calculated as y = 0.8 + 0.5 x (mean intensity — 0.5), with the gamma value limited to the range 0.5-1.5.
Images that have gone through the image preprocessing stage are then applied to training and final evaluation. The
choice of image preprocessing in this study influences classification accuracy, primarily through color stability,
noise, and contrast levels. This approach ensures that each image entered into the model has uniform and optimal
quality.

2.4 Model

The model used in this study is EfficientNet-B5, which is a Convolutional Neural Network architecture shown in
Error! Reference source not found..
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Figure 3. EfficientNet-B5 Model Architecture
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EfficientNet-B5 was chosen because of its compound scaling concept, which can balance depth, width, and
resolution [28]. Furthermore, this architecture supports transfer learning on limited datasets. Input images of size
456 x 456 will be extracted by EfficientNet-B5, which has been pre-trained on ImageNet [29]. In the backbone,
there are 7 blocks consisting of Mobile Inverted Bottleneck Convolutional (MBConv), skip connection through
Add operation, and Squeeze and Excitation Module, which are used to improve the model in emphasizing the most
informative feature channels [30]. The features are then processed by a global average pooling layer, producing a
2048-dimensional feature vector to reduce dimensionality. The results are then normalized using batch
normalization to stabilize the distribution, followed by a 0.4 dropout layer to reduce overfitting. This is followed
by a dense layer of 256 neurons as a fully connected layer, added with a dropout layer of 0.3, ending with a dense
layer of 3 neurons [5]. The final result of the neuron is a prediction of three classes of acne severity, namely level
0, level 1, and level 2. After constructing the EfficientNet-B5 architecture, the model was trained using the
configuration described as follows. The EfficientNet-B5 model was trained using the Adam optimizer with a batch
size of 16 and an input image size of 456 x 456 pixels. Transfer learning was implemented in two stages. In the
first stage, the EfficientNet-B5 backbone was frozen and only the classification head was trained for 15 epochs
using a learning rate of 1e-3. In the second stage, the last 80 layers of the backbone were unfrozen and fine-tuned
for an additional 10 epochs using a reduced learning rate of 1e-4. Class imbalance was addressed by applying
weights of 0.86, 0.70, and 2.39 to Level 0, Level 1, and Level 2, respectively. Early stopping and learning rate
reduction strategies were also employed to improve training stability and reduce the risk of overfitting.

2.5 Model Evaluation

The evaluation of model performance was conducted utilizing a confusion matrix and a classification report.
The dataset was divided into training and testing sets using an 80:20 ratio. The training set was used for model
learning, while the testing set was utilized as validation data during the training process to monitor model
performance through accuracy and loss curves. After training was completed, the same testing set was used for
final evaluation using confusion matrix, precision, recall, F1-score, and macro F1-score metrics. The confusion
matrix was used to measure the correct predictions and incorrectly classified instances per class. Referring to the
confusion matrix, the True Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN) values
were obtained [31]. While the classification report displays performance per class with metrics such as accuracy,
precision, recall, and F1-score [32]. However, the primary metric used in this study is the macro F1-score. This
metric was chosen based on the characteristics of multi-class classification with an uneven data distribution across
acne severity classes. These evaluation results serve as the basis for understanding the effect of image
preprocessing and comparing model performance between the default and proposed image preprocessing methods.

3. RESULT AND DISCUSSION

3.1 Image Preprocessing

This study applies two image preprocessing scenarios, namely the default image preprocessing and the proposed
image preprocessing. In the default image preprocessing, resize is applied to change the image size to a uniform
size of 456 x 456 pixels. This size is in accordance with the EfficientNet-B5 model and ensures model consistency.
After the resizing process, normalization is performed to stabilize the range of intensity values to suit the model's
needs.
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Figure 4. Results of Image Preprocessing Gray World White Balance, Bilateral Filter, and Adaptive Gamma
Correction
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This study applies two image preprocessing scenarios, namely the default image preprocessing and the
proposed image preprocessing. In the default image preprocessing, resize is applied to change the image size to a
uniform size of 456 x 456 pixels. This size is in accordance with the EfficientNet-B5 model and ensures model
consistency. After the resizing process, normalization is performed to stabilize the range of intensity values to suit
the model's needs. The proposed Image Preprocessing applies several additional techniques, namely Gray World
White Balance, Bilateral Filter, and Adaptive Gamma Correction, as shown in figure 4. The application of Gray
World White Balance helps normalize the varying conditions due to lighting. Furthermore, the bilateral filter is
able to reduce noise in the image but still maintains the edges from being lost. Meanwhile, adaptive gamma
correction corrects areas that are too dark or too bright.

3.2 Default Image Preprocessing Performance Results
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Figure 5. Model performance results from default image preprocessing (a) Training and Validation Accuracy
Curves, (b) Training and Validation Loss Curves

The performance evaluation of the EfficientNet-B5 model with default image preprocessing is shown in
Figure 5(a) through training and validation accuracy curves. In the initial training stage, only training the classifier
head portion in epochs 1-15 consistently increased from around 43-45% in the first epoch to + 78-80% in the 15th
epoch. The improvement is seen in the validation accuracy, which increased from 61% to around + 72-73%. In the
fine-tuning stage in the 16th epoch, there was a temporary decrease to around 63-65%, accompanied by an increase
in training loss. This indicates a re-adjustment process on the EfficientNet-B5 backbone to better suit the specific
characteristics of acne images. After the fine-tuning stage was applied, the model achieved additional performance
improvement during epochs 17-25. Training accuracy continued to increase to around 94-95% at the end of
training, while validation accuracy was around 75-77%. In line with the accuracy curve, the training and validation
loss graphs shown in Figure 5(b) show a decline in training loss from approximately 1.75 to + 0.12 at the end of
the epoch. In contrast, the validation loss is in the range of 0.80—1.00 and tends to stagnate after the fine-tuning
phase. In addition to the default image preprocessing, the training process also applies class weights to address
data imbalance between classes. Assigning higher weights to level 2 classes helps the model continue to learn the
characteristics of the minority class even though it has fewer samples than the other classes.
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Figure 6. Confusion Matrix

Severity Level Precision Recall ~ F1-Score Accuracy
Level 0 0.76 0.91 0.83

Level 1 0.78 0.72 0.75

Level 2 0.76 0.57 0.65 77%
Macro avg 0.77 0.73 0.74

Weightedavg  0.77 0.77 0.77

Table 1. Classification Report
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The evaluation results using the confusion matrix are shown in Figure 6, and the classification report in
Table 1. shows an accuracy of 77% on the test data. The Level O class has a precision of 0.76, a recall of 0.91, and
an Fl-score of 0.83, represents a fairly good model for recognizing mild acne. Level 1 obtained a precision of
0.78, arecall of 0.72, and an F1-score of 0.75, represents a similarity in characteristics between mild and moderate
acne. Meanwhile, Level 2 had a precision of 0.76, a recall of 0.57, and an F1-score of 0.65, indicating that many
severe acne images were still misclassified into lower classes. Overall, the model obtained a macro average F1-
score of 0.74 and a weighted average F1-score of 0.77. The lower macro average value compared to the weighted
average indicates an imbalance in performance between classes, especially in the minority class.

3.3 Performance Results of the Proposed Image Preprocessing
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Figure 7. Model performance results from the proposed image preprocessing (a) Training and Validation
Accuracy Curves, (b) Training and Validation Loss Curves

The performance evaluation of the EfficientNet-B5 model with the proposed image preprocessing is shown
in Figure 7(a) through the training and validation accuracy curves. In the initial training stage, only training the
classifier head part in epochs 1-15 consistently increases by around 50% to nearly + 80% in the 15th epoch.
Meanwhile, the validation accuracy increases by around 51% to around + 74-75%. In the fine-tuning stage in the
16th epoch, there is a temporary decrease of around 64%, accompanied by an increase in the training loss. In
epochs 17-25, the training accuracy reaches around 94-95%, while the validation accuracy is around 76-79%. In
line with the accuracy curves, the training and validation loss graphs shown in Figure 7(b) show a decline in loss
from around 1.65 to + 0.15 at the end of training. Meanwhile, the validation loss tends to be relatively stable at
around 0.75-0.90 despite experiencing slight fluctuations during the fine-tuning process. Similar to the previous
scenario, model training applies class weights to mitigate the effects of data imbalance. However, when combined
with the proposed image preprocessing, the model is able to utilize better feature information, increasing sensitivity
to minority classes. This is reflected in the slight increase in Level 2 class recall and a higher macro F1-score
compared to the default image preprocessing scenario.
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Table 2. Classification Report

Severity Level Precision Recall ~ F1-Score Accuracy
Level 0 0.76 0.91 0.83

Level 1 0.78 0.72 0.75

Level 2 0.76 0.57 0.65 77%
Macro avg 0.77 0.73 0.74

Weightedavg  0.77 0.77 0.77
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The evaluation results using the confusion matrix are shown in Figure 8, and the classification report in Table
2 shows an accuracy of 78% on the test data. The level O class obtained a precision value of 0.82, a recall of 0.87,
and an Fl-score of 0.84, indicating that the model is very good at recognizing mild acne. Level 1 obtained a
precision value of 0.78, arecall of 0.74, and an F1-score of 0.76, represents a balanced classification in recognizing
moderate acne images. Meanwhile, the level 2 class had a precision value of 0.64, a recall of 0.64, and an F1-score
of 0.64, indicating that some severe acne images were misclassified to a lower class. Overall, the macro average
F1-score was 0.75, indicating that performance between classes was more balanced.

3.4 Comparison with Previous Research

Based on the comparison table shown in Error! Reference source not found., this study is within the context of
an acne classification study using the Acne Grading Classification dataset. However, direct comparisons require
caution due to differences in model architecture, preprocessing, data splitting strategies, and evaluation metrics.
Therefore, these results are contextual and not a claim of absolute superiority. The findings suggest that image
preprocessing improves the performance of EfficientNet-B5 by strengthening feature representations before
classification. In previous studies, the majority used accuracy as the primary metric in evaluation, such as the
results of Singhapathiranage et al. with an accuracy of 75.7% [33], Paluri et al. with 96% accuracy [34], Shetty et
al. with 80% accuracy [35], and Ali et al. with an accuracy of 99.47% [36]. Our research yielded an accuracy of
78%, but this was not the primary metric, using the macro F1-score, which yielded 75%. Although this is still
below Paluri et al. 93% result [34], these differences must be viewed proportionally, taking into account the
methodology and evaluation metrics. The macro Fl-score was chosen as the primary metric based on an
imbalanced dataset, so the performance evaluation considers the balance between precision and recall for each
class. Unlike accuracy, which tends to be biased toward the majority class, the macro F1-score can demonstrate
the model's performance on the classification task of all levels of acne severity without bias toward a particular
class. Although the macro F1-score is still low compared to the study by Paluri et al. [34] in studies with complex
architectures or aggressive augmentation, these results show that optimizing image preprocessing can produce
stable and competitive performance.

Compared to previous research, this study uses EfficientNet-B5 with an image preprocessing approach that
focuses on image stabilization. The proposed strategy focuses on global illumination correction, noise reduction
while preserving texture details, and adaptive lighting adjustment. Overall, this study confirms that improving
image quality through structured image preprocessing significantly contributes to the stability of feature
representations. This approach also improves the performance of acne severity classification using EfficientNet
B5, especially when evaluated with metrics sensitive to class imbalance.

Table 3. Comparison with Previous Research Based on the Dataset

References (Author Dataset Input Architectural Image Results
& Year) Model Preprocessing
Singhapathiranage Kaggle + Facial image  ResNet-152 OpenCV (Facial Accuracy:
et al., 2025 [33] DermNet NZ (3 levels + Landmark), Rolling 75,7%
European and Augmentation Macro F1-
South Asian score: -
skin)
Paluriet al., 2024  Kaggle Acne  Facial image Ensamble Resize, Accuracy:
[34] Grading (3 levels) Model Normalization, 96%
Classification (ETLoVIT) Augmentation Macro F1-
(horizontal flip, score: 93%
random rotation,
and zoom)
Shetty et al., 2025  Kaggle Acne  Facial image  EfficientNet- Normalization, Accuracy:
[35] Grading (color) BO Clustering (YCrCb 80%
Classification and HSV) Macro F1-
score: -
Alietal.,, 2025 [36] Kaggle Acne  Facial image DenseNet Resize, Rotation, Accuracy:
Grading (3 levels) 121 Horizontal Flipping, 99.47%
Classification Random Macro F1-
Brightness/Contrast, score: -
Gamma Correction,
CLAHE, RGB
Shifting, Bluring
Our Research Kaggle Acne  Facial image  EfficientNet- Resize, Accuracy:
Grading (3 levels) B5 Normalisasi, Gray 78%
Classification World White
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References (Author Architectural Image
& Year) Dataset Input Model Preprocessing Results
Balance, Bilateral Macro F1-

Filter, Adaptive Score: 75%
Gamma Correction

3.5 Discussion
3.5.1 Analysis of the Image Preprocessing on Model Performance

The results show that the proposed image preprocessing provides improvements compared to the default image
preprocessing. The accuracy increased from 77% to 78%, and the macro Fl-score of 75% indicate that the
combination of gray world white balance, bilateral filter, and adaptive gamma correction contributes to the feature
extraction process. Specifically, gray world white balance helps balance colors between images, minimizing
variations in lighting. This color normalization allows the EfficientNet-B5 backbone to extract texture and pattern
features from acne more consistently. The bilateral filter plays a role in reducing noise without removing edges,
thus maintaining structural information about acne. Meanwhile, adaptive gamma correction enhances both dark
and light areas, making details of acne severity clearer. This indicates that the combination of these three
techniques can produce more informative features and support the model's extraction process. The impact is also
seen in the improvement in level 2 class performance, where recall values increase compared to the default image
preprocessing scenario. These results indicate that the proposed image preprocessing can help the model recognize
more severe acne cases than previously missed. However, the recall value is lower compared to other classes due
to the similarity of characteristics between moderate and severe acne. This is influenced by the limited amount of
data in the level 2 class and the diversity of acne inflammation patterns. Although the proposed image
preprocessing technique can improve performance and balance the error distribution, the macro F1-score value of
75% indicates that the model's performance is not yet fully optimal. These results indicate that the applied image
preprocessing is proven to help improve feature representation, but does not fully separate the severity
characteristics optimally. Thus, there is still room for further development, particularly through additional image
preprocessing techniques or in combination with other image quality improvement strategies to strengthen the
discrimination of inflammatory features.

3.5.2 Model Performance using Macro F1-Score

The model performance analysis in this study used the macro F1-score as the primary metric. This metric was
chosen based on the characteristics of the dataset, which exhibits an imbalanced class distribution, particularly for
high-severity classes with a smaller sample size. Under these conditions, accuracy can potentially bias performance
estimates toward the majority class. This occurs because accuracy only represents the overall proportion of correct
predictions without considering the distribution of errors within each class. In contrast, the macro F1-score
calculates the average of the F1-scores for each class independently, thus giving equal weight to all acne severity
levels. This method allows for a fairer evaluation of the model's ability to detect minority classes. Furthermore,
this metric also assesses the equilibrium between precision and recall across all categories. Therefore, the use of
the macro F1-score in this study is more relevant for evaluating multi-class classification performance, which is
sensitive to data imbalance. This metric also provides a more representative interpretation of the model's ability to
recognize all acne severity classes proportionally.

4. CONCLUSION

The application of image preprocessing with a combination of gray-world white balance, bilateral filtering, and
adaptive gamma correction has been shown to provide a slight improvement in feature representation quality. This
technique also supports the performance of acne severity classification with EfficientNet-B5. Analysis shows that
this approach results in more stable training, a more balanced distribution of errors between classes, and better
sensitivity to minority classes with a macro Fl-score of 75%. This research contribution demonstrates that
improving image quality plays a direct role in strengthening model generalization without increasing architectural
complexity. Therefore, image preprocessing plays a strategic role in developing an optimal and stable deep
learning-based dermatological image classification system. Future research can be directed by exploring more
adaptive image preprocessing techniques, integrating lesion-characteristic augmentation strategies, and testing on
more diverse datasets. These efforts are expected to improve discriminatory capabilities and strengthen the stability
of model generalization comprehensively.
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