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Abstract

Rainfall is a meteorological parameter that influences various sectors, such as agticulture, water resource
management, and disaster mitigation; however, the process of classifying it still faces challenges, particularly due to
imbalanced data across categories. This study aims to evaluate the performance of the XGBoost algorithm in
classifying daily rainfall in the Special Region of Yogyakarta using NASA POWER data from 2000 to 2025, with
input variables including air temperature, relative humidity, wind speed, and surface pressure. The evaluation was
conducted using accuracy, precision, recall, and F1-score metrics to provide a more comprehensive overview of
the model’s performance. The results indicate that the model achieved an accuracy of 0.82 and performed well in
identifying light rain, and began to identify moderate rain, although not yet optimally; however, its performance
remains limited for higher-intensity rain classes. This suggests that imbalanced data distribution remains a primary
factor affecting model performance, making data quality and balance critical considerations in the development of
rainfall classification models.
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1. INTRODUCTION

The amount of water that falls on the ground is the definition of rainfall, which occurs over a specific
period of time and is measured in millimeters (mm) [1]. As one of the primary meteorological elements,
rainfall plays a crucial role in various aspects of life, such as agriculture, water resource management,
disaster mitigation, and development planning [2]. The Special Region of Yogyakarta consists of
mountainous and lowland areas, resulting in high rainfall intensity in this region and potentially causing
impacts such as flooding and landslides [3]. Data from the Yogyakarta City Statistics Agency (BPS)
indicates that the annual average temperature ranges from 26.3°C to 27.8°C. In 2023, the recorded
rainfall total was 1,955.0 mm, increasing to 3,058.4 mm in 2024. The highest number of rainy days
occurred in 2022, totaling 214 days. These changes in temperature and rainfall indicate the need for a
data-driven approach to more accurately assess hydrometeorological conditions [4]. These changes are
influenced not only by local conditions, such as landforms and vegetation, but also by global climate
change and extreme weather events [5]. Thus, rainfall analysis is a crucial step in understanding rainfall
patterns based on historical data, thereby enhancing the ability to make informed, data-driven decisions

[6].

These increasingly unpredictable weather patterns highlight the need for analytical methods capable of
processing large datasets more effectively. It is at this stage that the Data Mining approach becomes
relevant. Data Mining is a method that leverages mathematical, statistical, and Machine Learning
concepts to process various databases and transform them into useful information [7][8]. Advances in
Machine Learning technology provide more adaptive solutions for data processing [9]. One of the
algorithms used in data-driven modeling is Extreme Gradient Boosting (XGBoost) [10]. This algorithm
has the capability to handle complex weather data, yielding good results through ensemble learning
techniques [11]. XGBoost builds decision trees incrementally, where each new tree corrects the errors
of the previous one through the gradient boosting process [12]. Additionally, XGBoost can automatically
handle missing data, prevent overfitting through regularization, and process various data types, including
both numeric and categorical data [13]. Rainfall data from NASA’s Prediction of Worldwide Energy
Resources (POWER) was used in this study, covering the period from 2000 to 2025. This dataset was
selected because it is comprehensive, open-access, covers various weather parameters, and has minimal
missing data, thereby supporting the development of a Machine Learning model to classify rainfall
conditions into four categories based on historical data. The use of data over a long time span aims to
capture a wider variety of rainfall patterns, allowing the model to better learn the data’s characteristics.
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Various Machine Learning approaches have been applied for weather prediction or classification. The
K-Nearest Neighbor (KNN) algorithm yields good results with 75% accuracy, though the Fl-score
varies across classes [14]. Other approaches, such as the Support Vector Machine (SVM), are also used
in weather forecasting, achieving an accuracy of 54.55% in a two-class classification (rain and cloudy)
[15]. In decision tree-based approaches, the C4.5 Decision Tree demonstrates very high classification
accuracy of up to 99.12%, particularly with a 90:10 data split using 2,048 training data points [10].
However, a single Decision Tree model has limitations compared to ensemble methods like Random
Forest, which are more stable and possess better generalization capabilities [17]. Further research
compared the Random Forest and Naive Bayes algorithms in classifying daily rainfall data in Indonesia.
The results showed that Random Forest achieved higher accuracy (86.55%) compared to Naive Bayes
(36.61%), and produced better precision, recall, F1-score, and AUC values [18]. As machine learning
methods have evolved, the XGBoost algorithm has also been widely used in various classification studies
and demonstrated strong performance. The boosting approach used allows the model to be built
incrementally to improve prediction results [19]. However, to date, no study has specifically applied
XGBoost for multi-class daily rainfall classification using long-term data coverage in the Special Region
of Yogyakarta. This underscores the need for further research in this context.

Based on the need for data-driven analysis and advancements in Machine Learning methods, this study
focuses on applying the Extreme Gradient Boosting (XGBoost) algorithm to classify daily rainfall into
three categories: light rain (0—20 mm), moderate rain (21-50 mm), and heavy rain (51-100 mm). This
classification approach is crucial for supporting the precise and accurate identification of weather
conditions. This study aims to evaluate the performance of the XGBoost algorithm in classifying daily
rainfall in the Special Region of Yogyakarta. The results of this study are expected to serve as a reference
for data-driven decision-making in sectors sensitive to rainfall conditions, such as the agricultural sector
in determining planting times, disaster mitigation to anticipate floods and landslides, as well as regional
planning and environmental management. To achieve this objective, this study developed a daily rainfall
classification model using the XGBoost algorithm, which was then evaluated using accuracy, precision,
recall, and F1-scote metrics.

2. METHODS AND DATA

This study employs a quantitative approach with classification for a daily rainfall prediction model using
the XGBoost algorithm. The research framework consists of five main interrelated stages: (1) literature
review, (2) data collection, (3) data preprocessing, (4) machine learning modeling, and (5) model
evaluation. The complete research process is shown in Figure 1.

’ Literature study }—» Data collection = ——» Data pre-processing ——>» Modeling ————>» Model evaluation
Figure 1. Research phase

2.1. Literature Study

This study began with an in-depth literature review to understand the theory [20], the development of
the XGBoost algorithm, weather classification methods, and previous research trends related to rainfall
prediction. This review was used to identify key concepts, findings from previous research, and existing
gaps in rainfall classification research based on local data from the Special Region of Yogyakarta.

2.2. Data collection

During the data collection phase, this study utilized meteorological data sourced from NASA’s
Prediction of Worldwide Energy Resources (POWER), which is managed by the NASA Langley
Research Center and is openly accessible via https://POWER larc.nasa.gov/. The data used consists of
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daily data covering the period 2000-2025, including atmospheric parameters such as Year (YEAR), Day
of the Year (DOY), 2-meter Air Temperature (T2M, °C), 2-meter Relative Humidity (RH2M, %), 10 m
Wind Speed (WS10M, m/s), Surface Pressure (PS), and Precipitation (PRECTOTCORR, mm). These
parameters were selected because they are the primary factors influencing rainfall prediction [21]. The
precipitation parameter serves as the main variable in rainfall condition analysis, while the other
parameters are used to represent supporting atmospheric conditions [22]. The data was downloaded in
CSV (Comma Separated Values) format for initial verification and preparation for the subsequent data
processing stage.

2.3. Data Preprocessing

The data preprocessing stage was conducted to ensure the dataset is clean, consistent, and ready for use
in the modeling process [23]. Raw data obtained from the NASA POWER platform was adjusted to be
more representative and free from values that could potentially interfere with the analysis [24]. The first
step involved renaming parameters, where technical terms such as T2M, RH2M, WS10M, PS, and
PRECTOTCORR were changed to more informative names—namely, 2-meter Air Temperature, 2-
meter Relative Humidity, 10-meter Wind Speed, Surface Pressure, and Precipitation—without altering
the original data values.

The next stage involved data cleaning through the examination of missing values and the detection of
anomalies. Missing values in the numerical data were handled using the mean imputation method to
maintain the stability of the data distribution [25], while extreme values or outliers were addressed using
the Interquartile Range (IQR) method to ensure the data remained within a reasonable range without
altering its primary characteristics, thereby allowing for a more comprehensive understanding of the
data’s patterns and characteristics [11].

Class labeling was performed by grouping daily rainfall values (PRECTOTCORR) into four categories:
0—20 mm (light rain), 21-50 mm (moderate rain), and 51-100 mm (heavy rain). The dataset was split
into training and test data using an 80:20 time-based split, where the training data came from the initial
period and the test data from the subsequent period. The goal was to ensure the model had sufficient
data during the training process while allowing for objective testing using the available data [26]. Next,
the Synthetic Minority Over-sampling Technique (SMOTE) was applied to the training data to increase
the number of samples in the minority classes. Meanwhile, the test data retained its original distribution
to ensure the model evaluation remained objective and to prevent data leakage

2.4. Modeling

In the modeling stage, the XGBoost (Extreme Gradient Boosting) algorithm is used to classify rainfall.
In XGBoost, decision trees are constructed sequentially to correct errors arising from the previous tree;
ultimately, the resulting model achieves high precision and is capable of understanding the complex
patterns present in the data [27]. The XGBoost model training process is performed by optimizing the
following objective function:

0bj(6) = L(6) +2(6) @
Note :

e L(0)) is the Loss Function, which measures how far the model’s predictions deviate
from the actual labels.

o O(B)is the regulatization term, which aims to control model complexity and
prevent overfitting [28].

This objective function ensures that the model not only minimizes prediction error through the loss
function but also remains stable and capable of generalizing by adding regularization to each decision
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tree. This formula serves as the basis for the model training process and the evaluation of XGBoost
performance in this study [29].

2.5. Model Evaluation

The classification of the model’s output is evaluated using several metrics: accuracy, precision, recall, and
F1-score [30]. This evaluation is based on the confusion matrix, which consists of True Positive (TP),
True Negative (TN), False Positive (FP), and False Negative (FN).

TP+TN

Accuracy = N P rEN @
Precision = —— 3)
TP+FP
Recall = ——— @)
TP+FN
Fl-score = 2X (Precisionx Recall) ( 5)

Precision+ Recall

The accuracy calculation in Equation (2) is performed comprehensively to measure the extent to which
the model can correctly predict all test data. Equation (3) serves to assess the model’s precision in
generating accurate positive predictions, that is, measuring positive predictions that truly correspond to
the actual state. Recall in Equation (4) describes the model’s ability to identify all positive cases present
in the data. Meanwhile, the F1-score in Equation (5) is a harmonic mean that combines precision and
recall, providing a more balanced assessment, particularly for data with class imbalance[31]. These four
metrics are used to evaluate the model’s quality in recognizing rainy conditions in the test data, with a
particular emphasis on recall and the Fl-score because these two metrics better reflect the model’s
performance in situations involving unbalanced daily rainfall data.

3. RESULTS AND DISCUSSION

This study utilized 9,481 daily rainfall records obtained from NASA POWER for the Special Region of
Yogyakarta (DIY) during the period 2000-2025. The data includes several meteorological parameters,
namely 2-meter air temperature (T2M), 2-meter relative humidity (RH2M), 10-meter wind speed
(WS10M), surface pressure (PS), and precipitation (PRECTOTCORR). Meteorological parameters are
used as features in the classification process, while precipitation is used as the basis for class label
formation. Table 1 displays an example of the data used in the study. Subsequently, the data is processed
through preprocessing and labeling stages before being used in Machine Learning modeling,.

Table 1. Sample dataset

YEAR DOY T2M RH2M WS10M PS PRECTOTCORR
2000 1 26.9 88.13 3.97 100.15 1.33
2000 2 26.66 87.33 4.65 100.1 4.82
2000 3 25.88 89.38 2.88 100.14 19.39
2000 4 26.05 85.95 1.67 100.24 6.39
2000 5 25.9 89.55 4.01 100.32 293
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Based on the correlation results, rainfall appears to have a moderate positive correlation with 2-meter
relative humidity, as well as a weak negative correlation with 2-meter air temperature. Meanwhile, the
correlations with surface pressure and wind speed are very weak.

Correlation Heatmap of Meteorological Variables
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Figure 2. Correlation heatmap

Table 2 shows the distribution of data counts across each rainfall category. The data is dominated by the

light rain category with 8,666 days, moderate rain with 430 days, and heavy rain with 39 days. This
indicates class imbalance in the dataset used.

Table 2. Number of data categories

Label Rainfall Category Number of Days
0 0—-20 mm Light rain 8666
1 21-50 mm Moderate rain 430
2 51-100 mm Heavy rain 39

To address data imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied to
the training data. This method works by generating new synthetic data for the minority class, thereby
making the data distribution across classes more balanced. After data balancing using SMOTE, the
model was then trained using the XGBoost algorithm and evaluated using the test data. The model used
was configured with several parameters, namely n_estimators set to 200, max_depth set to 4,
learning_rate set to 0.1, subsample set to 0.8, and colsample_bytree set to 0.8. Additionally, to reduce

bias toward the majority class, class weights were applied during the model training process. The model
evaluation results are shown in Table 3.
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Table 3. Evaluation table

Class Precision Recall Fl-score
0 0.95 0.86 0.91
1 0.16 0.33 0.22
2 0.04 0.17 0.07
Macro avg 0.39 0.45 0.40
Accuracy 0.82

The evaluation results show that the model is able to accurately identify the light rain class, but still
struggles to identify the moderate and heavy rain classes. This is influenced by an unbalanced data
distribution, in which the light rain class is far more dominant. The use of class weights helps improve
the model’s ability to identify the moderate rain class, although its performance for the heavy rain class
remains unstable. This is influenced by the unbalanced data distribution and the very limited amount of
data in certain classes. Although data balancing was performed using SMOTE, the generated data still
originates from existing patterns, so its variation remains limited, resulting in the model not yet being
able to capture the differences between classes effectively.

Confusion Matrix
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Figure 3. Confusion matrix

Based on the confusion matrix, classification errors frequently occur in the moderate and heavy rain
classes, which are often predicted as light rain. This indicates that the model still struggles to distinguish
between classes, primarily because the amount of data in those classes is very limited. Although SMOTE
was used, the generated data still comes from existing data, so the resulting variations remain limited.

Consequently, the model is not yet able to recognize the patterns of each class effectively, as shown in
Figure 3.
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Figure 4. Comparative study

Compared to previous studies, the results obtained in this study are still lower than those of studies that
also used XGBoost, which achieved accuracies of up to 95%. This difference is due to the fact that
previous studies used simpler binary classification, whereas this study employed the more complex
multiclass classification. Additionally, the type of data also plays a role, as the daily data used exhibits
higher variability compared to houtly data, making the data patterns more difficult for the model to
recognize. When compared to the K-Nearest Neighbor (KINN) method, the results differ only slightly
in terms of accuracy, with KINN achieving around 75% while this study’s results are slightly higher.
However, when viewed in terms of precision, recall, and F1-score, KNN indicates that the model’s ability
to recognize each class is not yet consistent. In this study, XGBoost shows a performance improvement,
albeit not very significant, particularly in terms of stability in recognizing several classes. This indicates
that a boosting-based approach can help the model learn more complex data patterns. Overall, the
differences in the results obtained are still within a reasonable range and are more influenced by the
method, the number of classes, and the unbalanced data conditions. As shown in Figure 4.

4. CONCLUSION

This study shows that the XGBoost algorithm is quite capable of classifying daily rainfall with an accuracy
of 0.82, particularly for the dominant light rain class. However, in a multi-class setting with an imbalanced
data distribution, the model’s performance is not yet consistent. The model begins to recognize moderate
rain but still struggles with heavy rain due to the very limited amount of data. Although SMOTE was
used, the resulting data variation remains limited, causing the model to tend to follow the pattern of the
majority class. The limitations of this study lie in the data imbalance and the very small sample size in
certain classes. Practically, the model can be used as an initial guide to identify light rain and begin
distinguishing moderate rain. Further research is recommended to test other balancing methods, such as
ADASYN or SMOTE-ENN, and to use a more balanced dataset so that the model’s performance can
be improved.
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