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Hyperparameter-Optimized Gradient Boosting for Daily Rainfall
Prediction Using BMKG Meteorological Data in Malang Regency,
Indonesia

Mohamad Arif Abdul Syukur1,∗, Suhartono1, Mochamad Imamudin1

1Master’s Program in Informatics, Universitas Islam Negeri Maulana Malik Ibrahim, Malang 65144, Indonesia

ABSTRACT. Weather conditions significantly affect many aspects of modern life, including transportation, tourism,
agriculture, and disaster risk management, particularly in relation to rainfall. Consequently, reliable meteorologi-
cal information is essential for supporting daily decision-making, making rainfall prediction increasingly important.
This study develops a daily rainfall prediction model using Gradient Boosting based on daily meteorological data ob-
tained from the Indonesian Agency for Meteorology, Climatology, and Geophysics (BMKG). The dataset includes date,
minimum, maximum, and average temperatures, relative humidity, sunshine duration, maximum and average wind
speeds, and wind direction, with daily rainfall as the target variable. Four chronological train–test split scenarios
were evaluated. The first scenario produced an RMSE of 13.97, an MAE of 7.96, and anR2 value of 0.14. The second
scenario yielded an RMSE of 12.81, an MAE of 8.72, and an R2 value of 0.17. The third scenario achieved an RMSE
of 12.21, an MAE of 7.70, and an R2 value of 0.20, whereas the fourth scenario obtained an RMSE of 10.31, an
MAE of 7.11, and an R2 value of −0.27. Considering both prediction error and generalization capability, the third
scenario was selected as the best-performing model. The main contribution of this study lies in demonstrating the
effectiveness of hyperparameter optimization in improving the stability of rainfall prediction under complex tropical
climatic conditions. Practically, the proposed model may support BMKG and regional policymakers in Malang Regency
in hydrometeorological disaster mitigation and agricultural planning.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Daily rainfall prediction is a critical forecasting prob-
lem because it directly affects public safety, agricultural ac-
tivities, water-resource management, and flood-risk mitigation
[1]. Extreme weather events, particularly high-intensity rainfall,
may also generate substantial economic consequences. Uncer-
tain weather conditions can disrupt transportation operations
through flight delays and cancellations, potentially reducing op-
erator revenues because of the time required to restore normal
operations [2]. The integration of daily observations from official
meteorological agencies, such as the Indonesian Agency for Me-
teorology, Climatology, and Geophysics (BMKG), with machine-
learning algorithms offers considerable potential for improving
rainfall prediction in regions characterized by high climatic vari-
ability. Reliable rainfall forecasts have therefore become increas-
ingly important because many modern activities depend on me-
teorological information for operational and strategic decision-
making.

This study focuses on the application of Gradient Boost-
ing to predict daily rainfall using BMKG meteorological data.
This approach is motivated by empirical evidence showing that
ensemble-based and boosted decision-tree models frequently
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outperform conventional linear models and individual learners
in rainfall forecasting across different geographical scales and
climatic conditions [3]. Daily BMKG records provide long-term,
station-based, and location-specific meteorological information
that is valuable for understanding local hydrometeorological vari-
ability and constructing operational daily forecasting models [4].
Meteorological time series also exhibit temporal trends, sea-
sonal patterns, nonlinear relationships, and complex interactions
among variables, making rainfall prediction a challenging data-
driven problem [5].

Although highly detailed meteorological data may improve
predictive performance, such data are often limited in spatial and
temporal coverage. Gradient Boosting provides a flexible model-
ing framework capable of handling heterogeneous predictors and
complex nonlinear relationships. When combined with robust
nonparametric learning techniques, an enriched feature space
can substantially improve predictive performance [6]. Previous
studies employing ensemble-based methods and Gradient Boost-
ing have demonstrated promising results for rainfall forecasting
across various geographical regions and temporal resolutions, in-
cluding daily and seasonal prediction [7].

Modern Gradient Boosting algorithms perform effectively
on tabular meteorological datasets in which predictors may in-
clude lagged variables, daily statistics, and engineered features
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Figure 1. Historical daily rainfall data used in this study.

representing relevant atmospheric processes [8]. In rainfall pre-
diction, Gradient Boosting variants have consistently achieved
performance comparable to or better than that of conventional
machine-learning models, particularly when the data exhibit non-
linear effects and strong interactions among predictors [9]. These
characteristics provide a strong justification for selecting Gradi-
ent Boosting as the primary learning algorithm for daily BMKG
data. Furthermore, the reliability of time-series prediction de-
pends not only on the selected algorithm but also on appro-
priate validation procedures and careful hyperparameter adjust-
ment. Hyperparameter optimization can identify configurations
that remain robust across different weather regimes and forecast-
ing horizons [6].

Rainfall is influenced by multiple interdependent meteoro-
logical variables that interact nonlinearly. Studies conducted in
different climatic regions have shown that Gradient Boosting can
produce strong predictive performance for daily and short-term
rainfall forecasting, often outperforming alternative machine-
learning techniques and, under suitable data conditions, com-
peting with physically based or hybrid approaches. Appiah-Badu
et al. [7], for example, used 40 years of historical climate data
from the Ghana Meteorological Agency and reported an accuracy
of 83.16%. Monego et al. [6] employed NCEP/NCAR reanalysis
data and obtained RMSE values of 1.53 for summer and 0.98 for
spring. More recently, Alvines et al. [9] analyzed 2024 BMKG
data from South Sumatra and reported an RMSE of 12.54. These
findings support the use of Gradient Boosting as an efficient data-
driven method for daily rainfall prediction [10].

This study applies Gradient Boosting to predict daily rain-
fall in Malang Regency using historical BMKG data from 2023 to
2025. To strengthen the methodological contribution, the anal-
ysis does not rely solely on a default model configuration. In-
stead, it compares a baseline Gradient Boosting model with an
optimized model obtained through RandomizedSearchCV un-
der several chronological train–test split scenarios. This com-
parative design is intended to identify the most stable config-
uration for capturing the complex variability of local rainfall.
The methodological contribution of this study lies in evaluating

a hyperparameter-optimization strategy tailored to the climatic
characteristics of Malang Regency and in examining model stabil-
ity under different proportions of training and testing data. The
temporal distribution and variability of the historical daily rainfall
observations used in this study are presented in Figure 1.

The rainfall prediction framework uses daily meteorologi-
cal observations collected by BMKG inMalang Regency from 2023
to 2025. Gradient Boosting is combined with hyperparameter
optimization and multiple chronological data-splitting scenarios
to assess the sensitivity of predictive performance to the propor-
tion of training data. The RandomizedSearchCV procedure is
employed to identify parameter combinations that improve the
model’s ability to capture temporal rainfall patterns while main-
taining generalization performance. The resulting model is ex-
pected to provide insight into both the potential and the limi-
tations of machine learning as an early decision-support tool for
BMKG and other stakeholders dealing with regional weather un-
certainty.

Accordingly, the objective of this study is to develop and
evaluate a daily rainfall prediction model using BMKG meteoro-
logical data fromMalang Regency for the 2023–2025 period. Gra-
dient Boosting is selected because of its ability to represent non-
linear, dynamic, and noisy weather patterns that may not be ad-
equately captured by conventional statistical models. To assess
the contribution of hyperparameter optimization, the predictive
performance of the default Gradient Boosting model is compared
with that of the optimized model using MAE, RMSE, and R2 un-
der four chronological train–test split scenarios. Through this
framework, the study aims to determine a model configuration
that balances prediction error and generalization capability and
that may support decision-making in meteorology, hydrometeo-
rological disaster mitigation, and agricultural planning.

2. Methods

This study implements a machine-learning approach using
the Gradient Boosting Regressor in Python 3.13.5 to predict daily
rainfall. The dataset was obtained from BMKG in Malang Regency
and consists of 942 daily observations with 11 recorded vari-
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Figure 2. System design of the proposed daily rainfall prediction framework.

ables: date, minimum temperature, maximum temperature, av-
erage temperature, average relative humidity, rainfall, sunshine
duration, maximum wind speed, average wind speed, wind di-
rection at maximum speed, and prevailing wind direction. Each
observation represents one day of meteorological measurement.

The data were processed using K-Nearest Neighbors im-
putation with k = 5, followed by feature standardization
using StandardScaler. To preserve temporal ordering and
prevent data leakage, the dataset was divided chronologically
into training and testing sets using four split ratios: 50:50,
70:30, 80:20, and 90:10. Hyperparameter optimization was per-
formed using RandomizedSearchCV with 50 iterations over the
n_estimators, learning_rate, subsample, and max_depth
parameter spaces.

Figure 2 illustrates the overall research framework, begin-
ning with the collection of daily meteorological data from BMKG.
The predictor variables include minimum, maximum, and aver-
age temperatures; average relative humidity; sunshine duration;
maximum and average wind speeds; wind direction at maximum
speed; and prevailing wind direction. Daily rainfall is defined as
the target variable.

The next stage involves data preprocessing to improve
dataset quality through data-type conversion and missing-value
treatment. The cleaned dataset is then divided chronologically
into training and testing sets using four split scenarios: 50:50,
70:30, 80:20, and 90:10. During the modeling stage, the Gradi-
ent Boosting algorithm is used to construct the rainfall prediction
model, while RandomizedSearchCV is applied to optimize its
hyperparameters. Finally, model performance is quantitatively
evaluated using Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and the coefficient of determination (R2). The de-
tailed sequence of the research procedures is presented in Fig-
ure 3.

Figure 3. Stages of the daily rainfall prediction study.

2.1. Data Collection

Data collection involves identifying and obtaining infor-
mation that is relevant to the research objectives and can be
used as input for model development. Historical meteorologi-
cal records constitute the primary data source for rainfall pre-
diction. When combined with an appropriate predictive model,
historical weather patterns provide temporal and multivariate re-
lationships that can be used to estimate future rainfall. Consis-
tent with the supervised-learning regression framework, in which
rainfall is predicted from historical meteorological variables, pre-
vious studies have emphasized the importance of multivariate in-
puts obtained from weather stations or remote-sensing products
[11].
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Although machine-learning models commonly rely on his-
torical weather measurements collected at the target location,
rainfall prediction may also benefit from multisource data to
strengthen the predictive signal [12]. Nevertheless, data qual-
ity, temporal coverage, consistency, and stationarity during the
training period are important considerations when selecting
a dataset. These considerations support the use of a suffi-
ciently long and consistent single-source dataset for chronologi-
cal model training and testing [13].

This study uses daily meteorological observations obtained
from BMKG for the period from January 1, 2023, to July 15, 2025.
The dataset was selected because its attributes represent the ac-
tual meteorological conditions required for daily rainfall model-
ing. Data collection was followed by an initial examination of the
dataset structure, variable definitions, temporal coverage, and
data completeness to ensure its suitability for subsequent pre-
processing and model development.

The data were recorded at the East Java Climatological
Station operated by the Indonesian Agency for Meteorology,
Climatology, and Geophysics (BMKG). The observation station
has World Meteorological Organization identification number
WMO 96943 and is located at latitude −7.90080◦, longitude
112.59790◦, and an elevation of 590 m above sea level. The data
were obtained through the official BMKG online data portal at
https://dataonline.bmkg.go.id/. To replicate the data-acquisition
procedure, users may register an account, select the “Climate
Data” category, specify the required observation period, and
choose the station according to the technical specifications de-
scribed above. Before public distribution, the meteorological
records provided by BMKG undergo an internal quality-control
procedure.

2.2. Data Preprocessing

Data preprocessing includes missing-value treatment, data-
type conversion, feature engineering, standardization, and
chronological separation of the training and testing sets. To pre-
serve the temporal structure of the observations, all preprocess-
ing parameters were estimated exclusively from the training data.
In particular, the transformation parameters, including the mean
and standard deviation used for standardization, were fitted to
the training set and subsequently applied to the testing set. This
procedure prevents information from future observations from
influencing model training, thereby minimizing data leakage and
reproducing a realistic forecasting setting [14].

Two principal procedures were initially applied to ensure
the integrity and quality of the dataset. First, data-type conver-
sion was performed to transform the meteorological variables
into numerical formats compatible with machine-learning algo-
rithms [15]. Second, missing observations and non-numerical
entries were converted into NaN values and treated using the
K-Nearest Neighbors imputation method. The KNNImputer was
configured with k = 5 to preserve the number of observations
and maintain the continuity of the meteorological time series.

The KNN-based imputation method was selected because
meteorological variables exhibit temporal and multivariate rela-
tionships. Consequently, a missing value on a particular day may
be estimated using observations with similar temperature, hu-
midity, wind, and other meteorological characteristics. In con-

trast to mean or median imputation, which may reduce the natu-
ral variability of the data, KNN imputation estimates missing val-
ues based on local similarity among observations and therefore
better preserves the underlying data distribution. This approach
is also consistent with the procedure adopted in previous rainfall-
prediction research [9].

To prevent data leakage, the imputer was fitted exclusively
to the training data for each chronological split scenario. The
learned neighborhood structure was then used to transform both
the training and testing sets. The quality of the imputed data was
assessed using two procedures. First, statistical characteristics
before and after imputation were compared to ensure that the
procedure did not substantially alter the original data distribu-
tion. Second, a comprehensive null-value inspection and graph-
ical examination were conducted to verify that the imputed val-
ues remained consistent with the patterns of the corresponding
meteorological variables [16].

Feature engineering was subsequently performed to cap-
ture the nonlinear and temporal dependence of daily rainfall.
Previous meteorological observations can provide relevant pre-
dictors through the construction of lagged variables, particularly
because weather data frequently contain nonlinear relationships
and interactions that cannot be adequately represented by simple
linear regression models [17]. Accordingly, seven lagged rainfall
variables were constructed from the target variable RR:

RRt−1, RRt−2, RRt−3, RRt−4, RRt−5, RRt−6, andRRt−7.

These variables represent rainfall observations from the preced-
ing seven days and enable the model to identify short-term per-
sistence in daily rainfall patterns. After data-type conversion,
missing-value imputation, and lag-feature construction, the pre-
dictor variables were standardized using StandardScaler be-
fore being supplied to the Gradient Boosting model.

2.3. Hyperparameter Optimization
Gradient Boosting and its variants, including XGBoost and

LightGBM, are widely used for meteorological prediction because
of their ability to model nonlinear relationships and complex in-
teractions in tabular datasets [18, 19]. The predictive perfor-
mance of these methods depends strongly on their hyperparam-
eter configuration. Consequently, optimization procedures are
commonly employed to adjust parameters such as the learning
rate, maximum tree depth, number of estimators, subsampling
ratio, and regularization settings to improve predictive accuracy
while reducing the risk of overfitting [6].

Regularization strategies can stabilize the learning process
and improve model generalization. In stochastic Gradient Boost-
ing, subsampling introduces randomness by training each weak
learner on only a fraction of the available observations. This
mechanismmay reduce variance and limit overfitting while main-
taining the ability of the ensemble to capture complex nonlinear
patterns [18].

Hyperparameter optimization in this study was conducted
using RandomizedSearchCV. The search space consisted of a
learning_rate ranging from 0.01 to 0.20, max_depth rang-
ing from 2 to 6, n_estimators ranging from 100 to 500, and
subsample ranging from 0.80 to 1.00. A total of 50 parame-
ter combinations were randomly sampled from the predefined
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Figure 4. General procedure of the Gradient Boosting algorithm.

search space. Each candidate configuration was evaluated us-
ing time-series-based validation, and the optimal configuration
was selected according to the minimum Root Mean Squared Er-
ror (RMSE).

2.4. Model Development
The regressionmodel aims to predict continuous daily rain-

fall values using historical meteorological predictors. Accord-
ingly, the problem is formulated within a supervised-learning
framework in which the model learns a mapping from the predic-
tor vector x to the rainfall target RR based on observations with
known outcomes [13]. After completing the training process, the
resulting ensemble model can be expressed as

FM (x) = R̂R,

where FM (x) denotes the final Gradient Boosting prediction af-
ter M boosting iterations.

Gradient Boosting was selected because it can represent
nonlinear predictor effects and complex interactions among me-
teorological variables without requiring strong assumptions re-
garding the functional relationship between the inputs and rain-
fall. These characteristics make it suitable for rainfall prediction
problems involving dynamic, nonlinear, and noisy data [20]. The
selection of the modeling method was also determined by the
continuous nature of the response variable, which requires a re-
gression rather than a classification, clustering, or association-
learning framework [21].

Alternative machine-learning methods, including Support
Vector Regression, Random Forest, Artificial Neural Networks,
and Long Short-Term Memory networks, have also been applied
to rainfall forecasting. However, this study focuses on Gradient
Boosting because of its predictive capability, flexibility in han-
dling tabular meteorological data, and potential interpretability
when combined with feature-importance analysis [22].

Gradient Boosting is an ensemble-learning method appli-
cable to both regression and classification problems. For regres-

sion, the algorithm sequentially constructs weak learners, typi-
cally decision trees, in which each new learner is trained to cor-
rect the residual errors generated by the preceding ensemble.
The objective is to minimize a differentiable loss function by it-
eratively adding models in the direction of the negative gradient
[23]. The general Gradient Boosting procedure adopted in this
study is illustrated in Figure 4.

Let the training dataset be

{(xi, yi)}ni=1 ,

where xi is the predictor vector, yi is the observed rainfall value,
L(y, F (x)) is a differentiable loss function, and M is the total
number of boosting iterations. For the squared-error loss used
in regression, the initial model is defined as the average observed
rainfall:

F0(x) = ȳ, (1)

where

ȳ =
1

n

n∑
i=1

yi.

For each iteration m = 1, 2, . . . ,M , the negative gradient
or pseudo-residual is calculated as

rim = −
[
∂L (yi, F (xi))

∂F (xi)

]
F (x)=Fm−1(x)

, i = 1, 2, . . . , n.

(2)
A weak learner hm(x) is subsequently fitted to the residual

training set
{(xi, rim)}ni=1 .

The optimal multiplier γm is determined by solving the one-
dimensional optimization problem

γm = argmin
γ

n∑
i=1

L (yi, Fm−1(xi) + γhm(xi)) . (3)
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The ensemble model is then updated according to

Fm(x) = Fm−1(x) + ηγmhm(x), (4)

where η denotes the learning rate. A smaller value of η reduces
the contribution of each weak learner and generally requires a
larger number of estimators, whereas a larger value accelerates
learning but may increase the risk of overfitting.

The notation used in Eq. (1) to (4) is defined as follows:
• xi: predictor vector for the ith observation;
• yi: observed rainfall value for the ith observation;
• ŷi: predicted rainfall value for the ith observation;
• F0(x): initial prediction model;
• Fm(x): ensemble prediction after the mth iteration;
• n: number of observations;
• m: boosting iteration index;
• M : total number of boosting iterations;
• ȳ: average observed rainfall;
• rim: pseudo-residual of the ith observation at themth iter-

ation;
• ∂L/∂F (xi): derivative of the loss function;
• γm: optimal multiplier for the mth weak learner;
• η: learning rate; and
• hm(x): weak learner fitted at the mth iteration.

2.5. Model Evaluation
Regression-model performance is commonly evaluated us-

ing the Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), Root Mean Squared Percentage Error, and coefficient
of determination (R2). Lower MAE and RMSE values indicate
smaller prediction errors, whereas a higher R2 value indicates
that a larger proportion of the observed variation is explained by
the model. These metrics are widely used in machine-learning-
based rainfall forecasting [24].

In this study, the Gradient Boosting Regressor was evalu-
ated using MAE, RMSE, and R2. The three metrics provide com-
plementary assessments of model performance. MAE measures
the average absolute difference between observed and predicted
rainfall values in millimeters and therefore provides a direct in-
terpretation of the typical prediction error. Because positive and
negative errors are treated equally, MAE is not affected by the
direction of overestimation or underestimation.

RMSE assigns a greater penalty to large prediction errors
because the residuals are squared before averaging. This prop-
erty is particularly important in rainfall forecasting because sub-
stantial errors during high-intensity rainfall events may have seri-
ous implications for hydrometeorological disaster preparedness.
In contrast,R2 measures the proportion of rainfall variability that
can be explained by the meteorological predictors and provides
an indication of the model’s performance relative to a mean-
based baseline. The combined use of MAE, RMSE, and R2 there-
fore provides a more comprehensive evaluation than the use of a
single metric [25].

Temporal validation, time-series cross-validation, and
chronological hold-out testing are important for assessing model
generalization under realistic forecasting conditions [26]. Al-
though rainfall models may be compared with alternative al-
gorithms such as CatBoost, XGBoost, Random Forest, Support
Vector Regression, and Multilayer Perceptron, ensemble meth-

ods combinedwith hyperparameter optimization have frequently
demonstrated strong predictive performance [6].

The MAE is defined as

MAE =
1

n

n∑
i=1

|yi − ŷi| , (5)

whereas the RMSE is calculated as

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)
2
. (6)

The coefficient of determination is given by

R2 = 1−

n∑
i=1

(yi − ŷi)
2

n∑
i=1

(yi − ȳ)
2

. (7)

In Eq. (5) to (7), yi denotes the observed rainfall value, ŷi denotes
the predicted rainfall value, ȳ denotes themean observed rainfall,
and n denotes the number of observations in the testing set.

To evaluate the effect of hyperparameter optimization and
training-data availability, the optimized Gradient Boosting model
was assessed under four chronological train–test split scenarios:
50:50, 70:30, 80:20, and 90:10. The comparison was designed to
determine whether the model retained stable predictive perfor-
mance across different proportions of training and testing data.
Model selection was based on the joint interpretation of MAE,
RMSE, and R2, rather than on the smallest error metric alone.

Several methodological limitations were also considered
when interpreting the evaluation results. These include the rep-
resentativeness of the available observations, possible nonsta-
tionarity caused by long-term climatic changes, the limited oc-
currence of extreme rainfall events, and the risk of overfitting de-
spite the use of regularization and temporal validation. Previous
studies have therefore recommended the development of more
interpretable models, the integration of additional atmospheric
predictors, and the implementation of prediction systems within
operational decision-support frameworks [24, 26–28].

3. Results and Discussion
3.1. Data Collection

The dataset consists of daily meteorological observations
recorded from January 1, 2023, to July 15, 2025. The 2023–2025
observation period was selected based on the availability of con-
tinuous station records with minimal sensor anomalies. This re-
striction was intended to ensure that the model learned weather
characteristics from observations with a high level of complete-
ness and reliability, thereby reducing the risk of bias caused by
missing or invalid measurements over a longer observation pe-
riod.

Although rainfall events outside the selected period may
also influence the general climatic characteristics of the region,
the observation window was operationally defined to prioritize
data quality for machine-learning model development. There-
fore, the study does not assume that observations outside this
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period are unimportant; rather, its scope is limited to the pe-
riod with the most complete and reliable records available for
the present analysis.

The secondary dataset was obtained from daily observa-
tions at the BMKG climatological station in Malang Regency and
contains 942 observations. The selected period covers multi-
ple seasonal cycles, enabling the model to learn seasonal rainfall
variability and its relationships with other meteorological vari-
ables. Each row represents one day of observation and contains
11 attributes: date, minimum temperature, maximum temper-
ature, average temperature, average relative humidity, rainfall,
sunshine duration, maximum wind speed, average wind speed,
wind direction at maximum speed, and prevailing wind direction.

Missing values were identified in three variables. The
rainfall variable (RR) contained 94 missing observations, the
minimum-temperature variable (TN) contained two missing ob-
servations, and the sunshine-duration variable (SS) contained one
missing observation. Recorded rainfall ranged from 0 to 105 mm,
with a standard deviation of 12.41 mm. The dataset contained
467 rainy days, representing 49.58% of the observations, and
475 non-rainy days, representing 50.42%. Based on the rainfall-
intensity categories used in the dataset, 384 observations were
classified as light rainfall, 65 as moderate rainfall, 17 as heavy
rainfall, and one as extreme rainfall, corresponding to 0.11% of
the total observations. The variables included in the dataset are
summarized in Table 1.

Table 1. Meteorological variables included in the research
dataset.

No. Variable Description

1 TANGGAL Date of measurement
2 TN Minimum temperature (◦C)
3 TX Maximum temperature (◦C)
4 TAVG Average temperature (◦C)
5 RH_AVG Average relative humidity (%)
6 RR Daily rainfall (mm)
7 SS Sunshine duration (hours)
8 FF_X Maximum wind speed (m/s)
9 FF_AVG Average wind speed (m/s)
10 DDD_X Wind direction at maximum speed (◦)
11 DDD_CAR Prevailing wind direction

The TANGGAL variable records the date of each daily ob-
servation and was converted into a datetime format to preserve
temporal ordering and facilitate time-series analysis. Minimum,
maximum, and average temperatures are expressed in degrees
Celsius and describe daily temperature variability. Average rela-
tive humidity is reported as a percentage and represents atmo-
spheric moisture conditions associated with rainfall formation.

Rainfall is measured in millimeters and serves as the target
variable. Sunshine duration is measured in hours and represents
the duration of solar radiation received at the Earth’s surface dur-
ing each day. Maximum and average wind speeds are expressed
in meters per second, while wind direction at maximum speed is
represented in degrees from 0◦ to 360◦. The prevailing wind di-
rection is represented using compass-direction codes, such as N,
E, S, and W, which provide information regarding the dominant
movement of air masses.

3.2. Data Preprocessing
The preprocessing stage was essential for transforming the

raw meteorological records into a format compatible with the
Gradient Boosting Regressor. The main procedures focused on
standardizing the data format, converting variable types, and
handling incomplete observations. The original daily weather
dataset used commas as decimal separators in accordance with
the local numerical format. Therefore, a string-replacement pro-
cedure was applied to convert commas into periods so that the
values could be recognized as standard decimal numbers.

Themeteorological variables TN, TX, TAVG, RH_AVG, RR, and
SS, which were initially stored as object-type variables, were con-
verted into floating-point numbers using the pd.to_numeric
function. Numerical conversion was required because the Gra-
dient Boosting algorithm performs mathematical operations on
the predictor values when minimizing the loss function. The
TANGGAL variable was converted from text into a datetime for-
mat to preserve the chronological order of the observations. This
temporal ordering subsequently served as the basis for chrono-
logical data splitting and time-series validation. The data-type
conversions performed during preprocessing are summarized in
Table 2.

Table 2. Data-type conversion performed during preprocess-
ing.

No. Variable Before After

1 TANGGAL Text Datetime
2 TN Object Float
3 TX Object Float
4 TAVG Object Float
5 RH_AVG Object Float
6 RR Object Float
7 SS Object Float
8 FF_X Integer Integer
9 FF_AVG Integer Integer
10 DDD_X Integer Integer
11 DDD_CAR Object Object

Several observations contained incomplete entries or non-
numerical symbols, such as a dash (-). During the cleaning pro-
cess, non-numerical entries and empty cells were identified and
converted into NaN values. This conversion enabled the missing
observations to be detected systematically before the imputation
procedure was applied.

Deleting incomplete observations was avoided because the
dataset contained only 942 daily records, and removing rows
could reduce the amount of information available for model train-
ing. Instead, missing values were estimated using the K-Nearest
Neighbors imputation method with k = 5. To preserve the va-
lidity of the evaluation and prevent data leakage, the imputa-
tion procedure was conducted separately for each chronologi-
cal train–test split scenario. The KNNImputer was fitted exclu-
sively to the training data to learn the multivariate relationships
among the meteorological variables. The fitted imputer was sub-
sequently used to transform both the training and testing sets.

This procedure ensured that the testing data remained un-
seen during model development and were not influenced by sta-
tistical information extracted from future observations. The se-
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Figure 5. Distribution of missing values before KNN-based imputation.

Figure 6. Distribution of missing values after KNN-based imputation.

lection of k = 5 was based on the multivariate relationships
among meteorological variables. The KNN procedure estimates
each missing value using five observations with the most similar
meteorological characteristics, such as comparable temperature
and humidity conditions. Compared with mean imputation, this
approach is better able to preserve nonlinear relationships and
the natural variability among weather variables. The distribution
of missing observations before imputation is illustrated in Fig-
ure 5. Missing entries were identified primarily in the rainfall
variable RR, with smaller numbers in TN and SS.

After the KNN-based imputation procedure, no missing val-
ues remained in the numerical variables, as shown in Figure 6.
This result indicates that the preprocessing procedure success-
fully produced a complete dataset while retaining all 942 daily
observations.

3.3. Hyperparameter Optimization

Following data preprocessing, hyperparameter optimiza-
tion was conducted to identify the most effective Gradient Boost-
ing Regressor configuration for daily rainfall prediction. The op-
timization procedure employed RandomizedSearchCV in com-
bination with TimeSeriesSplit. A total of 50 hyperparame-
ter combinations were sampled randomly from the predefined
search space.

The use of TimeSeriesSplit ensured that the chronolog-
ical order of the observations was preserved throughout the vali-
dation process. This procedure is particularly important for time-
series forecasting because future observations must not be used
to informmodel training on earlier periods. The experiment used
n_splits=7, dividing the training data into seven chronological
folds. In each fold, the model was trained exclusively on earlier
observations and validated on subsequent observations, thereby
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Figure 7. Hyperparameter optimization results obtained using RandomizedSearchCV.

reducing the risk of data leakage and providing a more realistic
assessment of generalization to future data.

The optimization procedure used
neg_mean_absolute_error as the scoring function, such
that parameter configurations with lower MAE values were pre-
ferred. The random_state parameter was fixed at 42 to ensure
reproducibility and consistency across repeated experiments.
The optimal hyperparameter configuration obtained from the
search procedure is presented in Table 3.

Table 3. Optimal hyperparameter configuration obtained us-
ing RandomizedSearchCV.

No. Hyperparameter Description Selected value

1 n_estimators Number of decision
trees constructed

101

2 learning_rate Rate at which the model
corrects residual errors

0.017

3 max_depth Maximum depth of each
decision tree

2

4 subsample Fraction of training ob-
servations used for each
tree

0.850

5 RMSE score Root mean squared pre-
diction error

12.63

The optimized configuration consisted of 101 estimators, a
learning rate of 0.017, a maximum tree depth of 2, and a subsam-

pling ratio of 0.850. This relatively small learning rate, combined
with shallow decision trees, indicates that the model applied
gradual residual correction while limiting the complexity of indi-
vidual weak learners. The subsampling ratio further introduced
stochasticity into the training process, which may help reduce
variance and overfitting. The best configuration produced an
RMSE of 12.63 during the seven-fold time-series cross-validation
procedure. The optimization results are visualized in Figure 7.

The figure presents the performance of the parameter com-
binations evaluated during the randomized search and highlights
the configuration associated with the lowest validation error.
The selected hyperparameter configuration was subsequently ap-
plied to the four chronological train–test split scenarios. Al-
though the amount of training data differed across the scenarios,
the optimized model exhibited relatively consistent prediction
errors. This consistency suggests that the selected configuration
was not excessively dependent on a particular training-set size
and was able to capture recurring relationships among the mete-
orological predictors.

Nevertheless, the similarity of the validation errors across
different split scenarios should not be interpreted as definitive
evidence of complete robustness. Each scenario evaluates the
model on a different testing period and therefore may contain
different rainfall distributions, seasonal characteristics, and ex-
treme events. Consequently, the final model selection was based
on the joint interpretation of MAE, RMSE, andR2 on the chrono-
logical hold-out sets rather than on the cross-validation RMSE
alone.
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Figure 8. Time-series visualization of the optimized Gradient Boosting model under the 50:50 train–test split scenario.

Figure 9. Time-series visualization of the optimized Gradient Boosting model under the 70:30 train–test split scenario.

3.4. Modeling Results

During the modeling stage, four chronological train–test
split scenarios were evaluated. In each scenario, the Gradient
Boosting Regressor was trained using the same optimized hyper-
parameter configuration obtained in the previous stage. The first
scenario employed a 50:50 split, where 50% of the observations
were used for training and the remaining 50% for testing. The
second scenario used a 70:30 split, the third scenario used an
80:20 split, and the final scenario adopted a 90:10 split.

The purpose of evaluating multiple split ratios was to ana-
lyze the sensitivity of model performance to the amount of train-
ing data. Because rainfall exhibits complex stochastic behavior,
it was necessary to examine whether the model required a large
amount of historical data to converge or whether it could already
learn meaningful rainfall patterns from a more limited training
set. This strategy also avoided selecting the train–test ratio sub-
jectively and instead allowed the most stable configuration to
be determined empirically. By presenting all four scenarios, the
study provides a transparent assessment of the minimum amount

of historical data required for the model to maintain satisfactory
generalization capability.

The 50:50 scenario provides the most conservative train-
ing configuration and the largest testing set, making it useful for
evaluating whether the model can generalize without relying ex-
cessively on the training data. The 70:30 and 80:20 scenarios of-
fer a more balanced allocation between training and testing data
and are therefore expected to provide stable and representative
performance estimates. In contrast, the 90:10 scenario allows
the Gradient Boosting model to learn from the largest possible
amount of historical data, which may be advantageous for recog-
nizing rare or extreme rainfall events, but it also leaves a much
smaller testing set for evaluation. The visualization of the pre-
dicted and observed rainfall series for the 50:50 scenario is pre-
sented in Figure 8.

The figure displays the training data in blue, the observed
testing data in orange, and the predicted values in a dashed green
line. Visually, the model captures the general low-to-moderate
rainfall fluctuations, but it tends to underestimate extreme rain-
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Figure 10. Time-series visualization of the optimized Gradient Boosting model under the 80:20 train–test split scenario.

Figure 11. Time-series visualization of the optimized Gradient Boosting model under the 90:10 train–test split scenario.

fall events. The predicted series appears smoother than the ob-
served series and fails to reproduce several substantial rainfall
peaks above 40 mm. This pattern suggests that, under the 50:50
split, the model still exhibits relatively high bias and tends to pro-
duce predictions closer to the average rainfall level than to the
extreme observations.

The 70:30 scenario is shown in Figure 9. Compared with
the previous configuration, the model predictions follow the
trend of the observed rainfall series more closely. The predicted
line becomes more responsive to daily rainfall fluctuations and
exhibits smaller deviations from the actual observations. A par-
ticularly important improvement is observed in the model’s abil-
ity to respond to higher rainfall intensities, including several
events above 40 mm. This result indicates that the increased
amount of training data, combined with the optimized hyperpa-
rameter configuration, improved the model’s flexibility and re-
duced the underfitting tendency observed in the 50:50 scenario.

The 80:20 scenario, illustrated in Figure 10, provides the
most visually consistent agreement between the predicted and
observed rainfall values among all scenarios. The predicted se-
ries shows a sharper and more accurate response to daily rain-
fall variability, including periods with relatively high rainfall in-

tensity. With 80% of the observations allocated to training, the
model appears to have learned the seasonal and short-term rain-
fall structure more effectively, while the optimized hyperparam-
eters prevent the model from becoming excessively smooth. Vi-
sually, this scenario achieves the best balance between learning
capacity and generalization.

The final 90:10 scenario is shown in Figure 11. Although
the model had access to the largest portion of training data, its
performance on the final 10% testing set still reveals a tendency
to underestimate several rainfall peaks. The predicted values ap-
pear relatively stable, yet they do not fully follow the abrupt in-
creases observed in the actual rainfall series. This behavior sug-
gests that, despite hyperparameter optimization, the model may
have become overly adapted to the dominant patterns present in
the earlier 90% of the data, thereby reducing its sensitivity to the
specific characteristics of the final testing segment. From an an-
alytical perspective, the 90:10 configuration exhibits indications
of reduced flexibility in generalizing to newly observed patterns
and is therefore less favorable than the more balanced 70:30 and
80:20 scenarios.

Overall, the comparative visual analysis indicates that the
model performance improves as the proportion of training data
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Figure 12. Comparison of MAE, RMSE, and R2 across the four chronological train–test split scenarios.

increases from 50% to 80%, but this improvement does not con-
tinue monotonically when the training proportion reaches 90%.
The 80:20 split appears to provide the most balanced and stable
configuration, suggesting that an adequate amount of historical
information is required for rainfall prediction, but an excessively
small testing set may reduce the reliability of the evaluation and
may expose the model to reduced sensitivity to new rainfall pat-
terns.

3.5. Model Evaluation

Model evaluation was conducted using the chronological
testing sets that were not observed during model training or hy-
perparameter optimization. This stage assessed the ability of the
Gradient Boosting Regressor to generalize the learned meteoro-
logical patterns to future rainfall observations. The comparative
evaluation results for the four train–test split scenarios are pre-
sented in Figure 12.

As shown in Figure 12, the four scenarios produced dif-
ferent prediction errors and coefficients of determination. The
50:50 scenario yielded anMAE of 7.96mm, an RMSE of 13.97mm,
and an R2 value of 0.14. The 70:30 scenario produced an MAE
of 8.72 mm, an RMSE of 12.81 mm, and an R2 value of 0.17.
The 80:20 scenario achieved an MAE of 7.70 mm, an RMSE of
12.21 mm, and an R2 value of 0.20, whereas the 90:10 scenario
obtained the lowest MAE and RMSE values, namely 7.11 mm and
10.31 mm, respectively, but generated a negative R2 value of
−0.27.

Differences in RMSE indicate that the models varied in their
sensitivity to large prediction errors. A lower RMSE generally in-
dicates better performance in estimating high-intensity rainfall
because this metric assigns greater weight to large residuals. The
MAE values represent the average absolute daily prediction er-
rors in millimeters and therefore provide a direct interpretation
of the typical deviation between observed and predicted rainfall.
Meanwhile, R2 measures the proportion of rainfall variability ex-
plained by the meteorological predictors.

The 80:20 scenario was selected as the best-performing
configuration because it provided the most balanced combina-

tion of prediction error and generalization capability. Its MAE
of 7.70 mm and RMSE of 12.21 mm were accompanied by the
highest positive R2 value of 0.20. This result indicates that the
model retained relatively low prediction errors while explaining a
greater proportion of rainfall variability than the other scenarios.

Although the 90:10 scenario produced numerically lower
MAE and RMSE values, its negative R2 value indicates that the
model performed worse than a simple baseline that predicts the
mean rainfall value of the testing set. The final 10% testing seg-
ment may not have represented the full range of rainfall variabil-
ity, particularly rare high-intensity events. Because daily rainfall
has a highly skewed distribution, a model that produces predic-
tions near the average may obtain relatively small absolute errors
when the testing set contains predominantly low rainfall values,
while still failing to reproduce the temporal variability of the ob-
servations.

In contrast, the larger testing set in the 80:20 scenario pro-
vided a more representative evaluation of the observed rainfall
distribution. Consequently, selecting this scenario constitutes a
more conservative and reliable decision because its performance
reflects genuine generalization rather than an apparently low pre-
diction error obtained from a limited testing segment. A negative
R2 value in the 90:10 scenario also suggests that allocating more
observations to training does not necessarily improve model per-
formance when the remaining testing period contains patterns
that differ from those dominant in the historical training data.

The relatively low R2 values obtained in this study reflect
the difficulty of predicting daily rainfall using standard surface
meteorological variables alone. Rainfall is highly stochastic and
may be influenced by atmospheric pressure, local convection, to-
pographic interactions, cloud dynamics, and large-scale climate
variability that were not explicitly represented in the dataset.
Therefore, the model should not be interpreted as a stand-alone
system capable of producing precise deterministic forecasts. In-
stead, it is more appropriately positioned as a decision-support
tool that provides preliminary rainfall estimates for meteorologi-
cal monitoring, hydrometeorological risk mitigation, and agricul-
tural planning.
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4. Conclusion
This study evaluated the performance of a hyperparameter-

optimized Gradient Boosting Regressor for daily rainfall predic-
tion in Malang Regency using BMKG meteorological data from
2023 to 2025. Hyperparameter optimization was performed us-
ing RandomizedSearchCV with time-series cross-validation, and
model performance was assessed under four chronological train–
test split scenarios.

The results showed that the 80:20 scenario provided the
most balanced and consistent predictive performance, with an
MAE of 7.70 mm, an RMSE of 12.21 mm, and anR2 value of 0.20.
This scenario was selected because it combined relatively low
prediction errors with the highest positive explanatory perfor-
mance. Although the 90:10 scenario produced lower MAE and
RMSE values, its negative R2 value indicated limited generaliza-
tion and an inability to adequately reproduce rainfall variability
in the testing period.

The findings demonstrate that hyperparameter optimiza-
tion and chronological validation can improve the stability of Gra-
dient Boosting for rainfall prediction. Nevertheless, theR2 value
of 0.20 indicates that a substantial proportion of daily rainfall
variability remains unexplained. This limitation is associatedwith
the stochastic nature of rainfall and the absence of several atmo-
spheric and physical processes that cannot be represented solely
by surface-station variables.

The proposed model is entirely data-driven and does
not yet incorporate complex atmospheric-dynamics parameters.
Consequently, its ability to capture anomalous and extreme rain-
fall events remains limited. Future studies should therefore incor-
porate additional predictors, including Outgoing Longwave Radi-
ation, sea-surface temperature anomalies, atmospheric-pressure
variables, and satellite imagery, to improve sensitivity to re-
gional and large-scale weather patterns. Further investigation
of ensemble and deep-learning approaches, such as Long Short-
Term Memory networks, may also improve the representation of
longer and more complex temporal dependencies in meteorolog-
ical data.
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