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Abstract

Wildfires pose a threat to ecosystems and human safety, necessitating the development of
effective monitoring techniques. Detecting forest fires based on images of forest conditions could
be a breakthrough. However, the model built from imbalanced data yields low accuracy. This
research addresses the challenge of class imbalance in multiclass classification for forest fire
detection using the EfficientNet-B1 model. This research examines the implementation of class
weighting to improve model performance, with a particular focus on minority classes, specifically
Fire and Smoke. A dataset of 7,331 training images was categorized into four classes. The results
showed that employing the class weighting method achieved an accuracy of 90%. The training
duration of 14 minutes and 45 seconds outperforms the data augmentation method in terms of
time efficiency. This study contributes to the development of more effective methods for forest fire
monitoring and provides insights for future research in machine learning applications in
environmental contexts.
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Abstrak

Kebakaran hutan menimbulkan ancaman besar terhadap ekosistem dan keselamatan manusia
sehingga memerlukan teknik pemantauan yang efektif. Mendeteksi kebakaran hutan
berdasarkan gambaran kondisi hutan bisa menjadi sebuah terobosan. Namun, model yang
dibangun dari data yang tidak seimbang menyebabkan akurasi yang rendah. Penelitian ini
bertujuan mengatasi ketidakseimbangan kelas dalam klasifikasi citra multi-kelas untuk deteksi
kebakaran hutan menggunakan model EfficientNet-B1. Penerapan metode Class Weighting
bertujuan meningkatkan kinerja model pada data tidak seimbang ini, terutama berfokus pada
kelas minoritas yaitu kelas “Api” dan kelas “Asap”. Eksperimen ini menggunakan dataset terdiri
7,331 gambar untuk data pelatihan, yang dikategorikan ke dalam empat kelas. Hasil penelitian
menunjukkan bahwa metode Class Weighting mencapai akurasi 90%. Sedangkan durasi
pelatihan hanya memerlukan waktu 14 menit dan 45 detik, ini mengungguli metode augmentasi
data dalam hal efisiensi waktu. Hasil penelitian ini berkontribusi pada pengembangan metode
yang lebih efektif untuk pemantauan kebakaran hutan dan memberikan wawasan untuk penelitian
di masa depan dalam aplikasi pembelajaran mesin dalam konteks lingkungan.

Kata Kunci: Klasifikasi Gambar, Data Tidak Seimbang, EfficientNet-B1, Kebakaran Hutan

1. INTRODUCTION

In recent years, climate change and human-induced factors have had a significant impact on the
environment. These events include heatwaves, droughts, dust storms, floods, hurricanes, and
wildfires (Barmpouitis et al., 2020). Wildfires have a severe impact on local and global ecosystems,
resulting in significant damage to infrastructure, injuries, and loss of human life. Wildfires can be
sparked by various human activities, including campfires, burning debris, unattended flames,
smoking, the careless disposal of lit cigarettes, and natural causes like lightning (Chaturvedi et
al., 2022). As a result, detecting fires and precisely monitoring type, size, and impact of
disturbances across large areas are becoming increasingly crucial (Tanase et al., 2018). Today,
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technology for detecting forest fires has advanced significantly, thanks to the use of satellites,
drones, and advanced sensors. The use of deep learning methods is one such advancement
towards detecting forest fires (Madhuri et al., 2024). Image-based monitoring technology offers a
promising solution for automating the identification of fires and smoke through digital image
processing. Multiclass image classification is crucial for distinguishing between various objects
and conditions associated with wildfires. Therefore, developing accurate and efficient
classification models can significantly contribute to disaster mitigation efforts.

Deep neural network models, such as EfficientNet-B1, have demonstrated outstanding
performance in various image classification tasks (Frederich et al., 2024; Islam et al., 2024).
EfficientNet is an innovation in network architecture that optimizes the model’s scale to achieve a
balance between accuracy and computational efficiency (Raza et al., 2023). By utilizing intelligent
scaling techniques, EfficientNet-B1 can better identify patterns in imagery compared to other
model architectures, as it employs Compound Scaling, which scales all three dimensions depth,
width, and image resolution simultaneously while maintaining this balance across the network
(Papoutsis et al., 2023). This is especially important in forest fire monitoring, where the speed and
accuracy of detection can be the difference between successful prevention and widespread
damage. However, despite the great potential of these models, the challenges faced in multiclass
classification often relate to class imbalance in the training data. Therefore, approaches are
needed to ensure that all classes, including underrepresented classes, are well-learned by the
model (Dogra et al., 2022; Rodriguez et al., 2020; Tanveer et al., 2021).

One approach that can address the problem of class imbalance is the application of class weights
(Benkendorf et al., 2023). By assigning higher weights to underrepresented classes, the model
can be trained to focus more on patterns within those classes. By assigning higher weights to
underrepresented classes, the model can be trained to focus more on patterns within those
classes. This not only improves accuracy for the minority class but also helps prevent the model
from being biased towards the majority class (De-Angeli et al., 2022). Numerous studies have
shown that class weights can improve model performance in multiclass classification, particularly
when the dataset is imbalanced (Fan et al., 2022; Zhao et al., 2020). In the context of forest fires,
where images from the fire class may be much fewer than other classes, the application of class
weights becomes especially relevant. Thus, this study aims to explore the implementation of class
weights in multiclass image classification for forest fires and smoke.

In this study, we will analyze the effect of applying class weights on the performance of the
EfficientNet-B1 model in detecting and classifying images of forest fires and smoke. We will also
compare the results obtained from the model using class weights with those from the model that
uses data augmentation to address the issue of imbalanced data. The evaluation method will
encompass various metrics, including accuracy, precision, recall, and F1-score, to provide a
comprehensive assessment of the model's performance. In addition, experiments will be
conducted on a dataset of forest fire and smoke images collected from various sources to ensure
diversity and representativeness. Through this analysis, we aim to offer deeper insights into how
class weights can enhance classification performance in this context. The results of this study are
expected to contribute to the development of a more effective fire monitoring system.

The results of this study will provide a stronger foundation for developing more accurate and
efficient forest fire monitoring applications. Additionally, this study is expected to be of interest to
researchers and practitioners who apply class weight techniques to other image classification
tasks. With the increasing need for effective early detection systems, it is important to explore
various approaches that can improve model accuracy and efficiency (Cremen & Galasso, 2020).
This study can also open up opportunities for further research on the application of machine
learning techniques in environmental and disaster mitigation contexts. We hope this is relevant
to forest fires and can also be applied in other image classification contexts that face similar
challenges. Thus, this study can contribute to global efforts in addressing the problem of forest
fires and their environmental impacts.
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2. METHODS

This research employs a method framework named CRISP-DM (Cross-Industry Standard
Process for Data Mining). The CRISP-DM methodology provides a structured and widely
accepted framework for data mining projects, comprising six key phases: business
understanding, data understanding, data preparation, modeling, evaluation, and deployment. It is
known for offering a well-organized yet adaptable approach to conducting data-driven projects
(Elkabalawy et al., 2024). Adopting the CRISP-DM methodology for this image classification of a
forest fire dataset ensures that the solution developed will be robust and efficient. By following
this structured framework, each phase of the project, from understanding the problem to model
deployment, will be systematically addressed to provide the best results and solutions for the
forest fire multiclass classification problem. The steps of our research are illustrated in Figure 1.
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Figure 1 Research Workflow Chart

2.1 Dataset

The dataset used in this research was sourced from the Big Data Competition 2024, organized
by the Statistics Department of Syiah Kuala University, and can be accessed on the Kaggle
website (Bahtiar, 2024). The dataset is divided into two subsets: training and testing. The training
set contains 7,331 images in .jpg format, while the testing set contains 543 images. The 7,331
training images are categorized into four classes with uneven distribution: 3,083 images in the
“None” class, 1,230 in the “Fire” class, 303 in the “Smoke” class, and 2,715 in the “Fire and
Smoke” class. Figure 2 shows representative samples from each class, illustrating the distinct
visual characteristics that the model must learn to differentiate.

Smoke i Fire None Smoke and Fire

Figure 2 Sample of Each Class

To facilitate model evaluation, 20% of the training data was set aside as a validation set. The
class distribution within the validation set comprises 619 images labeled as “None”, 224 images
labeled as “Fire”, 67 images labeled as “Smoke”, and 556 images labeled as “Fire and Smoke”.
This split ensures that the model is evaluated using a representative portion of the dataset across
all classes.

2.2 Problem Understanding

The increasing frequency of extreme wildfires, characterized by their large scale, prolonged
duration, high intensity, and severe consequences, has substantially negative effects on human
health and well-being, ecosystems, the climate, and the global economy. In recent years, these
extreme wildfire events have been particularly destructive (OECD, 2023). For instance, the 2015
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wildfires in Indonesia resulted in an estimated economic loss of approximately USD 16 billion,
equivalent to 2% of the nation’s gross domestic product (GDP).

This research aims to achieve efficient and high-performing image multiclass classification.
However, the dataset used in this study presents a significant challenge in achieving this goal,
namely, imbalanced data. This problem arises from an uneven distribution of target classes in the
dataset, causing the model to favor the majority class while neglecting the minority classes (Bader
et al., 2024a). In our case, the “fire” and “smoke” classes are the minority classes, with a
significant disparity in their distribution compared to the other classes.

2.3 Data Preprocessing

Figure 3 illustrates the data preprocessing workflow using the class weighting approach. This
method is based on applying class weights, which penalize the algorithm more heavily for
incorrect predictions by assigning higher penalties for misclassifying the minority class (Bader et
al., 2024a). Figure 4 presents the data preprocessing workflow using the data augmentation
approach, which will be used to compare the performance of our primary approach, class
weighting. Data augmentation methods mitigate challenges related to small datasets by artificially
expanding their size and variety, ultimately improving model accuracy and generalization (Gracia
Moisés et al., 2023a).

Training Data

(80%)
Attach

Class Weighting

‘ Forest Fire Image

Model

Validation Data
(20%)

Image Preprocessing

Figure 3 Class Weight Approach

Training Data

) (80%)
Data Augmentation —— q N
> 4{ Model ‘

| Forest Fire Image

Validation Data
(20%)

Image Preprocessing

Figure 4 Data Augmentation Approach

Table 1 presents the detailed parameters and values used in the image processing steps
illustrated in the flow diagrams of both approaches, as shown in Figures 3 and 4. Table 2 presents
the detailed parameters and values of the augmentations applied to the minority classes, “fire”
and “smoke,” during the image transformation process, as shown in Figure 4. The transformations
included random rotations, translations, scaling, and shearing using RandomAffine, along with
perspective distortions with RandomPerspective, to create new variations of the images
artificially.

O

This article is distributed following Atribution-NonCommersial CcC BY-NC as stated on
https://creativecommons.org/licenses/by-nc/4.0/.



JISKA (Jurnal Informatika Sunan Kalijaga)

67 m Vol. 10, No. 1, JANUARY, 2025: 63 — 73
Table 1 Image Preprocessing Details
Parameter Value
Resize (224,224)

Normalize  mean=[0.485, 0.456, 0.406],

Table 2 Data Augmentation Details

Parameter Value
RandomRotation 20
RandomPerspective distortion_scale=0.2, p=0.5
RandomAffine degrees=0, translate=(0.1, 0.1)

2.4 Data Augmentation

In the problem of forest fire image classification, data augmentation is a crucial technique used
to address the challenge of limited and imbalanced datasets. Given the variability in
environmental conditions, such as lighting, smoke, and fire intensity, obtaining a sufficiently large
and diverse dataset can be challenging. Data augmentation helps by artificially increasing the
size of the training dataset through transformations like rotations, flips, brightness adjustments,
and noise additions. These variations make the model more robust to various real-world
scenarios, thereby improving its ability to classify images accurately, especially in challenging
conditions (Chlap et al., 2021).

2.5 Class Weight

Class weight is a process used to address the problem of class imbalance in image segmentation
and classification tasks, where certain classes, such as those of interest, have significantly fewer
examples than others. This imbalance can lead to models, especially Convolutional Neural
Networks (CNNs), becoming biased towards the majority class, resulting in poor performance for
the minority class. For instance, medical applications like tumor segmentation aim to make the
model more sensitive to the lesion class, ensuring that critical regions, such as tumors, are
accurately detected.(Ben-Naceur et al., 2019).

In our forest fire classification task, where we aim to categorize images into “None,” “Fire,”
“Smoke,” and “Fire and Smoke” categories, we face a similar challenge. The “Smoke” and “Fire”
classes are underrepresented compared to the “None” and “Fire and Smoke” classes, leading to
an imbalance that could cause the model to underperform in detecting fire and smoke conditions,
which are crucial for wildfire management. By using a class-weighting strategy, such as the one
based on the Weighted Cross-Entropy function, we can assign higher weights to the minority
classes (e.g., “Smoke” and “Fire”), helping the model to focus more on these underrepresented
categories during training. This approach could enhance the model’s sensitivity in detecting fire
and smoke, much like it effectively improved the segmentation of Glioblastoma tumors in medical
applications, ensuring better detection of critical regions (Ben-Naceur et al., 2019).

The balanced class weight method that we used can be explained by Eq. (1) (Bakirarar & Elhan,
2023). In this formula, N represents the total number of samples in the dataset, Class is the total
number of unique classes, and Sample,,.s is the number of samples in the respective class. By
dividing the dataset size by the product of the total classes and the sample count for a given class,
this method assigns higher weights to minority classes and lower weights to majority classes.
This approach ensures that the training process does not disproportionately favor the majority
class, thereby improving the model’s ability to generalize and recognize patterns across all
classes, including underrepresented ones, effectively.

N
W= (class * sample) (1)
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2.6 Modelling

Convolutional Neural Networks (CNNs) are a powerful deep learning model specifically designed
for processing visual data, such as images. Widely used for image recognition and classification
tasks, CNNs excel in automatically learning spatial hierarchies of features from input data. In the
study conducted by Nayak et al. (2022), a CNN-based architecture called dense EfficientNet was
employed to classify 3,260 T1-weighted contrast-enhanced brain magnetic resonance images
into four categories: glioma, meningioma, pituitary, and no tumor (Nayak et al., 2022). The
EfficientNet architecture utilizes Inverted Residual Blocks (MBConv), similar to MobileNetV2's
core building blocks. Unlike traditional CNNs, which require manual adjustments across three
dimensions—depth, width, and resolution—EfficientNet employs a compound scaling approach
to scale these parameters together.

Additionally, it replaces the conventional ReLU activation function with the Swish activation
function, which combines linear and sigmoid components. The input image is resized to 224 x
224 to match the standard input dimensions of CNN models (Ab Wahab et al., 2021). The entire
EfficientNet architecture is illustrated in Figure 5.
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Figure 5 Architecture of EfficientNet-B1

Model evaluation is a critical process in machine learning that involves assessing the performance
of a trained model using specific metrics to determine its effectiveness in making predictions. In
multiclass classification, the accuracy metric is commonly used to quantify how well the model
predicts the correct classes across various categories. Chen et al. (2021) highlight that
maximizing training accuracy on a sufficient number of noisy samples can lead to an
approximately optimal classifier even under class-conditional label noise. This finding
underscores the importance of accuracy as a reliable metric for training and validation, as a noisy
validation set can still provide valuable insights for model selection, including hyperparameter
tuning and early stopping. By validating model performance using a noisy dataset, practitioners
can achieve robust model evaluation, ensuring that the model is accurate and generalizable
despite label noise (Chen et al., 2021).

This study used Accuracy (Acc) and F1-score (F1) as the primary metrics for evaluating the
model. Accuracy measures the overall correctness of the model’s predictions across the dataset.
The F1-score, considering both precision and recall, provides a comprehensive assessment of
the model’'s performance, especially in situations where the dataset contains uneven class
distributions (Xiao et al., 2024). Accuracy (Acc) is the ratio of correctly predicted instances to the
total number of instances in the dataset. In the context of multiclass classification, accuracy
evaluates the percentage of correctly classified images across all classes. The equation for
accuracy is given by Eq. (2).

Correct Predictions TP+ TN

A = - ?
ceuracy = ol Number of Predictions TP+ TN+ FP +FN @)
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F1-score (F1) combines both precision (the ability of the model to identify positive instances) and
recall (the ability of the model to detect all relevant positive instances). The F1-score is defined
as the harmonic mean of precision and recall, making it useful for assessing the performance of
minority classes. The formulas for F1-score in Eq. (3), precision in Eq. (4), and recall in Eq. (5).

Fl—s —7 Precision Recall 3)
core = Precision + Recall

TP
AP 4
Precision TP T FP (4)
TP
- 5
Recall TPEFN (5)

3. RESULTS AND DISCUSSION

This section systematically outlines the model training process using the EfficientNet-B1
architecture, which was optimized to achieve high accuracy with efficient computation. The
training process involved fine-tuning all layers of the model architecture to maximize accuracy. A
total of 20 epochs were conducted to gather sufficient information for evaluating and optimizing
the model’s performance. The evaluation used a validation dataset to assess the model’s ability
to classify unseen images. This validation process was conducted at each epoch to monitor the
model’s accuracy throughout the training phase.

3.1 Training Process

Figure 6 shows the accuracy and loss throughout each epoch of the training process using the
class weight method. The training accuracy consistently improves with each epoch, showing
continuous growth until epoch 10. Beyond this point, up to epoch 20, there is no further
improvement, indicating that the model has likely reached its peak accuracy. The model begins
to stabilize in terms of validation accuracy, reaching its highest accuracy within the range of 0.88
to 0.90, starting from epoch six and continuing through epoch 20, with only slight fluctuations
observed during this period.
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Figure 6 Loss and Accuracy of Model with Class Weight

Figure 7 illustrates the accuracy and loss throughout each epoch of the training process, utilizing
the data augmentation method. The overall training accuracy does not differ significantly from the
class weight method shown in Figure 6. However, there is a noticeable difference in the loss, with
lower values ranging from 0.30 to 0.35 and smaller fluctuations. This suggests that the model,
when using the augmentation method, is slightly better at addressing overfitting than the class
weight method. However, the validation accuracy remains similar, consistently around 0.90.
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Figure 7 Loss and Accuracy of Model with Data Augmentation

However, aside from the accuracy and loss results of both methods, the class weight method
demonstrates significantly better resource and time efficiency during the training process
compared to the data augmentation method. This is also quite reasonable, as the data
augmentation method increases the data for the minority classes, requiring the model to train on
a larger dataset. As shown in Table 3, both methods were trained using the same T4 x2 GPUs
and the same model, EfficientNet-B1.

Table 3 Model Training Time with Two Different Approaches

Methods Training Time
Class Weight 14m 45s
Data Augmentation 33m 25s

3.2 Evaluation

Table 4 presents the model evaluation results using two different methods, measured by
precision, recall, F1-score, and accuracy. The evaluation results are derived from the best model
state, based on the highest validation accuracy achieved during the training process, as shown
in Figures 6 and 7. The evaluation results show no significant differences between the two
methods across various metrics and classes, achieving the same accuracy of 0.90. These
findings demonstrate that the class weight method, utilizing the EfficientNet-B1 model on an
imbalanced forest fire dataset, can achieve comparable performance to the data augmentation
approach for handling class imbalance, while requiring approximately 56% less training time than
the augmentation method, as shown in Table 3.

Table 4 EfficientNet-B1 Model Evaluation Result

Precision Recall F1-Score
Class Data Class Data Class Data
Weight Augmentation Weight Augmentation Weight Augmentation

None 1.00 0.99 0.99 1.00 0.99 0.99

Fire 0.72 0.75 0.80 0.75 0.76 0.75

Smoke 0.72 0.81 0.76 0.72 0.74 0.76

Smoke 0.89 0.87 0.85 0.88 0.87 0.88
and Fire

Accuracy 0.90 0.90

3.3 Performance Comparison with Other Models

To further assess the performance of EfficientNet-B1 in this study, we compared it to two other
popular deep learning architectures, VGG-16 and ResNet50. Both models are widely used for
image classification and are often benchmarked in various domains for their strong baseline
performances. Each model was trained and evaluated on the same dataset, under the same
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configuration and class weighting method as applied in the EfficientNet-B1 training process, to
ensure a fair comparison. Tables 5 and 6 present the classification reports for VGG-16 and
ResNet-50, respectively, facilitating a direct comparison with the results from EfficientNet-B1 in
Table 4.

Table 5 VGG-16 Model Evaluation Result

Precision Recall F1-Score

None 0.98 0.98 0.98

Fire 0.52 0.79 0.63
Smoke 0.58 0.78 0.66
Smoke and Fire 0.87 0.65 0.75
Accuracy 0.82

Table 5 shows that VGG-16 achieves an overall accuracy of 0.82, with relatively high precision
and recall for the “None” class but lower performance in distinguishing between “Fire” and
“Smoke” classes. The model struggles to balance precision and recall for the “Fire” and “Smoke
and Fire” categories, which are crucial for accurate identification.

Table 6 ResNet50 Model Evaluation Result

Precision Recall F1-Score

None 1.00 0.99 0.99

Fire 0.70 0.74 0.72
Smoke 0.76 0.76 0.76
Smoke and Fire 0.87 0.85 0.86
Accuracy 0.89

Table 6 indicates that ResNet50 performs better than VGG-16, with an accuracy of 0.89.
ResNet50 shows high precision and recall for the “None” and “Smoke” classes, but its F1-score
for “Fire” remains slightly lower than desired. Overall, ResNet50 results are better than VGG-16,
especially in the “Smoke and Fire” class, where it achieves an F1-score of 0.86.

In contrast, EfficientNet-B1 at Table 4 achieves the highest accuracy at 0.90, with consistently
high precision and recall across all classes, particularly excelling in distinguishing “Fire” and
“Smoke” events, with F1-scores of 0.76 and 0.74, respectively. The balanced performance across
classes, coupled with the efficient training time, suggests that EfficientNet-B1 is the best-
performing model for this dataset. The EfficientNet-B1’s superior performance can be attributed
to its optimized architecture, which balances depth, width, and resolution, making it particularly
suitable for complex multiclass classification tasks, such as the one in this study. In conclusion,
the comparison demonstrates that EfficientNet-B1 outperforms VGG-16 and ResNet-50, proving
to be the most effective model for achieving the highest accuracy in this case.

4. CONCLUSIONS

Implementing the class weight method in the EfficientNet-B1 model architecture successfully
produced a successful classification model for the forest fire dataset, achieving a test accuracy
of 90% within a training duration of just 14 minutes and 45 seconds. The evaluation results
indicate the superiority of this class weight method in generating accurate outputs, effectively
handling data imbalance during predictions, and maintaining high training efficiency. Future
research could further explore alternative model architectures, such as ResNext, MobileNet, and
DenseNet, to achieve even higher accuracy scores while improving computational efficiency.
Additionally, future research may investigate other class weight methods beyond the balanced
weight approach employed in this research, such as the Inverse of Number of Samples (INS) and
Inverse of Square Root of Number of Samples (ISNS).

This article is distributed following Atribution-NonCommersial CcC BY-NC as stated on
https://creativecommons.org/licenses/by-nc/4.0/.



JISKA (Jurnal Informatika Sunan Kalijaga)
ISSN:2527-5836 (print) | 2528-0074 (online) m 72

REFERENCES

Wahab, M. N. A., Nazir, A., Ren, A. T. Z., Noor, M. H. M., Akbar, M. F., & Mohamed, A. S. A.
(2021). EfficientNet-Lite and Hybrid CNN-KNN Implementation for Facial Expression
Recognition on Raspberry Pi. IEEE Access, 9, 134065-134080.
https://doi.org/10.1109/ACCESS.2021.3113337

Bader, M., Abdelwanis, M., Maalouf, M., & Jelinek, H. F. (2024). Detecting Depression Severity
Using Weighted Random Forest and Oxidative Stress Biomarkers. Scientific Reports, 14(1),
16328. https://doi.org/10.1038/s41598-024-67251-y

Bakirarar, B., & Elhan, A. H. (2023). Class Weighting Technique to Deal with Imbalanced Class
Problem in Machine Learning: Methodological Research. Turkiye Klinikleri Journal of
Biostatistics, 15(1), 19-29. https://doi.org/10.5336/biostatic.2022-93961

Barmpouitis, P., Papaioannou, P., Dimitropoulos, K., & Grammalidis, N. (2020). A Review on Early
Forest Fire Detection Systems Using Optical Remote Sensing. Sensors, 20(22), 6442.
https://doi.org/10.3390/s20226442

Ben-Naceur, M., Kachouri, R., Akil, M., & Saouli, R. (2019). A New Online Class-Weighting
Approach with Deep Neural Networks for Image Segmentation of Highly Unbalanced
Glioblastoma Tumors. International Work-Conference on Artificial Neural Networks, 1150,
555-567. https://doi.org/10.1007/978-3-030-20518-8_46

Benkendorf, D. J., Schwartz, S. D., Cutler, D. R., & Hawkins, C. P. (2023). Correcting for the
Effects of Class Imbalance Improves the Performance of Machine-Learning Based Species
Distribution Models. Ecological Modelling, 483, 110414.
https://doi.org/10.1016/j.ecolmodel.2023.110414

Chaturvedi, S., Khanna, P., & Ojha, A. (2022). A Survey on Vision-Based Outdoor Smoke
Detection Techniques for Environmental Safety. ISPRS Journal of Photogrammetry and
Remote Sensing, 185, 158-187. https://doi.org/10.1016/j.isprsjprs.2022.01.013

Chen, P., Ye, J., Chen, G., Zhao, J., & Heng, P. A. (2021). Robustness of Accuracy Metric and
its Inspirations in Learning with Noisy Labels. Proceedings of the AAAIl Conference on
Artificial Intelligence, 35(13), 11451-11461. https://doi.org/10.1609/aaai.v35i13.17364

Chlap, P., Min, H., Vandenberg, N., Dowling, J., Holloway, L., & Haworth, A. (2021). A Review of
Medical Image Data Augmentation Techniques for Deep Learning Applications. Journal of
Medical Imaging and Radiation Oncology, 65(5), 545-563. https://doi.org/10.1111/1754-

9485.13261
Cremen, G., & Galasso, C. (2020). Earthquake Early Warning: Recent Advances and
Perspectives. Earth-Science Reviews, 205, 103184.

https://doi.org/10.1016/j.earscirev.2020.103184

De-Angeli, K., Gao, S., Danciu, I., Durbin, E. B., Wu, X. C., Stroup, A., Doherty, J., Schwartz, S.,
Wiggins, C., Damesyn, M., Coyle, L., Penberthy, L., Tourassi, G. D., & Yoon, H. J. (2022).
Class Imbalance in Out-of-Distribution Datasets: Improving the Robustness of the TextCNN
for the Classification of Rare Cancer Types. Journal of Biomedical Informatics, 125, 103957.
https://doi.org/10.1016/j.jbi.2021.103957

Dogra, V., Verma, S., Verma, K., Jhanjhi, N., Ghosh, U., & Le, D.-N. (2022). A Comparative
Analysis of Machine Learning Models for Banking News Extraction by Multiclass
Classification with Imbalanced Datasets of Financial News: Challenges and Solutions.
International Journal of Interactive Multimedia and Artificial Intelligence, 7(3), 35.
https://doi.org/10.9781/ijimai.2022.02.002

Elkabalawy, M., Al-Sakkaf, A., Abdelkader, E. M., & Alfalah, G. (2024). CRISP-DM-Based Data-
Driven Approach for Building Energy Prediction Utilizing Indoor and Environmental Factors.
Sustainability, 16(17), 7249. https://doi.org/10.3390/su16177249

Fan, W, Si, Y., Yang, W., & Sun, M. (2022). Class-Specific Weighted Broad Learning System for
Imbalanced Heartbeat Classification. Information  Sciences, 610, 525-548.
https://doi.org/10.1016/j.ins.2022.07.074

Frederich, J., Himawan, J., & Rizkinia, M. (2024). Skin Lesion Classification Using EfficientNet
BO and B1 via Transfer Learning for Computer Aided Diagnosis. AIP Conference
Proceedings, 3080(1), 110002. https://doi.org/10.1063/5.0200741

This article is distributed following Atribution-NonCommersial CcC BY-NC as stated on
https://creativecommons.org/licenses/by-nc/4.0/.



JISKA (Jurnal Informatika Sunan Kalijaga)
73 m Vol. 10, No. 1, JANUARY, 2025: 63 — 73

Moisés, A. G., Pascual, I. V., Gonzalez, J. J. |., & Zamarrefio, C. R. (2023). Data Augmentation
Techniques for Machine Learning Applied to Optical Spectroscopy Datasets in Agrifood
Applications: A Comprehensive Review. Sensors, 23(20), 8562.
https://doi.org/10.3390/s23208562

Islam, Md. S. Bin, Sumon, Md. S. I., Sarmun, R., Bhuiyan, E. H., & Chowdhury, M. E. H. (2024).
Classification and Segmentation of Kidney MRI Images for Chronic Kidney Disease
Detection. Computers and Electrical Engineering, 119, 109613.
https://doi.org/10.1016/j.compeleceng.2024.109613

Madhuri, C. R., Jandhyala, S. S., Ravuri, D. M., & Babu, V. D. (2024). Accurate Classification of
Forest Fires in Aerial Images Using Ensemble Model. Bulletin of Electrical Engineering and
Informatics, 13(4), 2650-2658. https://doi.org/10.11591/eei.v13i4.6527

Nayak, D. R., Padhy, N., Mallick, P. K., Zymbler, M., & Kumar, S. (2022). Brain Tumor
Classification Using Dense Efficient-Net. Axioms, 11(1), 34.
https://doi.org/10.3390/axioms11010034

OECD. (2023). Taming Wildfires in the Context of Climate Change. OECD Publishing.
https://doi.org/10.1787/dd00c367-en

Papoutsis, I., Bountos, N. I., Zavras, A., Michail, D., & Tryfonopoulos, C. (2023). Benchmarking
and Scaling of Deep Learning Models for Land Cover Image Classification. ISPRS Journal
of Photogrammetry and Remote Sensing, 195, 250-268.
https://doi.org/10.1016/j.isprsjprs.2022.11.012

Raza, R., Zulfiqar, F., Khan, M. O., Arif, M., Alvi, A., Iftikhar, M. A., & Alam, T. (2023). Lung-EffNet:
Lung Cancer Classification Using EfficientNet from CT-Scan Images. Engineering
Applications of Artificial Intelligence, 126, 106902.
https://doi.org/10.1016/j.engappai.2023.106902

Rodriguez, J. J., Diez-Pastor, J. F., Arnaiz-Gonzalez, A., & Kuncheva, L. |. (2020). Random
Balance Ensembles for Multiclass Imbalance Learning. Knowledge-Based Systems, 193,
105434. https://doi.org/10.1016/j.knosys.2019.105434

Tanase, M. A., Aponte, C., Mermoz, S., Bouvet, A, Le Toan, T., & Heurich, M. (2018). Detection
of Windthrows and Insect Outbreaks by L-Band SAR: A Case Study in the Bavarian Forest
National Park. Remote Sensing of Environment, 209, 700-711.
https://doi.org/10.1016/j.rse.2018.03.009

Tanveer, M., Sharma, A., & Suganthan, P. N. (2021). Least Squares KNN-Based Weighted
Multiclass Twin SVM. Neurocomputing, 459, 454-464.
https://doi.org/10.1016/j.neucom.2020.02.132

Xiao, Y., Zhao, J., Yu, Y., Ding, X., Liu, S., Bao, W., Wen, S., & Zhou, X. (2024). SimpleCNN-
UNet: An Optic Disc Image Segmentation Network Based on Efficient Small-Kernel
Convolutions. Expert Systems with Applications, 256, 124935.
https://doi.org/10.1016/j.eswa.2024.124935

Zhao, J., Jin, J., Chen, S., Zhang, R, Yu, B., & Liu, Q. (2020). A Weighted Hybrid Ensemble
Method for Classifying Imbalanced Data. Knowledge-Based Systems, 203, 106087.
https://doi.org/10.1016/j.knosys.2020.106087

This article is distributed following Atribution-NonCommersial CcC BY-NC as stated on
https://creativecommons.org/licenses/by-nc/4.0/.



