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Abstract: Accurate short-term rainfall prediction in tropical microclimates such as Batam remains
challenging due to strong local atmospheric variability and the limited generalization capability of
single-model classifiers. This study proposes an ensemble-based framework that integrates Naive
Bayes, C4.5, and Random Forest through a majority-voting mechanism for multi-class hourly
rainfall prediction. The experiments were conducted using multi-year hourly meteorological data
collected for Batam City from an open-source weather archive, covering key atmospheric variables
and exhibiting an imbalanced rainfall-class distribution. Model performance was evaluated using
ten-fold cross-validation with accuracy, precision, recall, and F1-score metrics. The proposed
ensemble achieved an accuracy of 84.74%, consistently outperforming the corresponding base
classifiers. The model demonstrated strong predictive capability for dominant rainfall classes
(TidakHujan and HujanRingan), while reduced performance was observed for HujanSedang and
HujanBerat due to class imbalance, a well-documented challenge in tropical rainfall modeling.
Overall, the results indicate that combining probabilistic and tree-based learners yields a more
stable and reliable prediction framework for localized tropical weather. This work contributes a
practical and reproducible ensemble approach tailored to microclimate conditions, offering a
foundation for improved data-driven rainfall forecasting in similar high-variability regions.
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1. Introduction

Riau Islands Province in western Indonesia is characterized by a tropical maritime climate with
strong ocean-—atmosphere interactions that generate highly variable local weather. Its capital,
Batam City, is surrounded by the Malacca Strait and exhibits pronounced microclimatic
behavior, including rapid changes in rainfall, temperature, and wind that affect maritime
transport, aviation, and coastal activities [1], [2], [3]. Operational forecasts often struggle to
capture these fine scale variations. BMKG has reported that weather forecasts for Indonesia,
particularly short-range numerical weather predictions, exhibit higher relative error compared
with other regions due to the complex tropical dynamics of the archipelago, especially in areas
with strong ocean—atmosphere interactions such as the Riau Islands, making high-resolution
and locally adapted methods desirable [4]. In Batam, this limitation manifests as missed or
mislocated rainfall events, which can disrupt daily activities and complicate risk management
for local stakeholders. These conditions indicate a need for locally adapted forecasting methods
that can better represent Batam’s microclimate.

At the same time, accurate short term weather prediction underpins early warning systems and
operational planning in sectors such as transportation, agriculture, disaster preparedness, and
coastal management. Recent Indonesian and international studies show that data driven
approaches, including statistical post processing and machine learning, can enhance local
forecast skill when models are adapted to station specific or region specific conditions [5], [6],
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[7]. However, most existing work either focuses on broader regional scales or evaluates a
limited set of algorithms, and relatively few studies target categorical rainfall prediction for a
single tropical urban island with strong microclimatic effects such as Batam.

Machine learning offers a flexible framework for exploiting large meteorological datasets by
learning non linear relationships between predictors and rainfall outcomes. Supervised learning
methods are particularly relevant for categorical rainfall prediction, where models are trained
on labeled data to distinguish between rain and no rain or among multiple rainfall intensity
classes [8]. Within this context, several algorithm families have emerged as competitive
baselines. Naive Bayes provides a probabilistic formulation that can be extended to spatio
temporal prediction by expanding feature representations across time, improving its suitability
for forecasting tasks [9]. Decision tree based approaches such as C4.5 are valued for their
interpretability and ability to handle mixed continuous and categorical inputs, and have shown
good performance when combined with preprocessing or clustering techniques in precipitation
classification [10]. Random Forest, as an ensemble of decision trees, has demonstrated robust
skill in complex, nonlinear weather prediction settings and is frequently used as a benchmark
model in rainfall studies [11].

Despite advances in machine learning—based weather prediction, a methodological gap remains
for Batam’s tropical island microclimate. Most prior studies evaluate Naive Bayes, decision
tree—based models, or Random Forest either individually or within ensembles designed for
different climatological contexts, providing limited evidence on their behavior under Batam’s
conditions, where non-rain events dominate and rainfall classes are highly imbalanced. This
gap is critical because moderate and heavy rainfall, though infrequent, have disproportionate
impacts on maritime operations, aviation safety, and coastal risk management. Moreover,
existing ensemble approaches rarely analyze how severe class imbalance affects the detection
of higher rainfall intensities or whether combining models with distinct learning biases can
alleviate this issue.

To address this gap, this study evaluates a majority-voting ensemble that integrates Naive
Bayes, C4.5, and Random Forest, selected for their complementary characteristics. Naive Bayes
provides probabilistic generalization on noisy meteorological data, C4.5 offers interpretable
rule-based partitioning, and Random Forest captures nonlinear atmospheric interactions. By
assessing this combination on Batam’s historical weather data, the study quantifies its
performance under strong class imbalance and clarifies its strengths and limitations across
rainfall intensity categories. The contribution lies in providing empirical evidence and a
practical, reproducible ensemble framework tailored to tropical island microclimates, with
relevance for other coastal and island regions facing similar forecasting challenges.

2. Literature Review

Recent studies have highlighted the challenges of weather forecasting in Indonesia’s tropical
maritime climate, where strong ocean—-atmosphere interactions produce highly variable local
weather patterns. In Batam, persistent high temperatures, elevated humidity, and frequent
rainfall create complex microclimatic conditions that often disrupt transportation, fisheries, and
tourism activities [3]. Prior research has shown that ensemble learning can improve rainfall
prediction under such conditions. For example, [12] demonstrated that combining multiple
classifiers, including Naive Bayes, Decision Tree, Support Vector Machine, and Random
Forest, using majority voting significantly outperformed individual models. These findings
suggest that ensemble approaches are particularly effective for capturing nonlinear rainfall
behavior in tropical regions. Similarly, [13] reported that conventional weather forecasting
methods often suffer from inefficiency and limited accuracy, particularly in data-scarce regions.
By integrating multiple machine learning models, including Gradient Boosting Decision Tree,
Random Forest, Naive Bayes Bernoulli, and KNN, the study achieved high prediction accuracy
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with reduced computational cost, underscoring the practicality of ensemble approaches. In a
different application domain, [14] proposed a hybrid model combining Random Forest and
Naive Bayes for student performance prediction. Although not meteorological, their ensemble
design illustrates how probabilistic reasoning can be integrated with tree-based models, offering
methodological insights relevant to weather forecasting tasks [15] highlights the application of
machine learning techniques, particularly the Random Forest model, for weather prediction,
addressing challenges posed by complex numerical climate models in tropical systems.
Focusing on Tamil Nadu, India, it predicts Global Solar Radiation (GSR) and wind speed using
data from IMD, Pune. The Random Forest model outperforms statistical regression and SVM
models, achieving a minimum MSE of 0.750 and an R2 score of 0.97. The findings demonstrate
the Random Forest model's superior accuracy, reducing reliance on expensive measuring
instruments for acquiring solar radiation and wind speed data [16] applies Random Forest
models to probabilistic severe weather forecasting using long-term reforecast data from the
Global Ensemble Forecast System. The study shows that Random Forest can capture
meaningful statistical relationships and provide skillful forecasts in the medium range,
particularly at days four and five. However, performance degradation for extreme events at
longer lead times is also reported, indicating that while ensemble-based machine learning
models improve forecast skill, their effectiveness remains constrained by data characteristics
and event rarity. This finding aligns with challenges observed in tropical rainfall prediction,
where extreme events are inherently difficult to detect [17] shows that rainfall classification
plays a critical role in sectors such as aviation and agriculture, especially in data-scarce regions.
Using a Naive Bayes classifier with meteorological parameters such as humidity and
precipitation, the study achieved high accuracy, demonstrating the effectiveness of probabilistic
classifiers for rainfall categorization tasks[18] combines Naive Bayes and C4.5 with ensemble
techniques on ten years of BMKG weather data. Although ensemble variants slightly improved
accuracy compared to individual models, the overall gains remained limited, highlighting the
need for more robust ensemble configurations to achieve substantial performance
improvements.

3. Methods

This study applies a systematic and replicable methodological framework designed to evaluate
and enhance weather prediction performance in Batam. The approach consists of several
sequential stages: data collection, data preprocessing, model development, ensemble
construction, and performance evaluation. Each stage is structured to ensure transparency in
the experimental process and to support reproducibility. A conceptual diagram is used to
illustrate the end-to-end workflow, representing how raw meteorological data are transformed
into predictive outputs through supervised machine learning techniques.

{ Data Collection ’—)[ Data Preprocessing }—) Model Development

b
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Figure 1. Research method
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A. Data Collection

Meteorological data were collected from the Open-Meteo Historical Weather API for Batam
City using fixed geographic coordinates (latitude 0.9, longitude 104.0), representing the central
urban—coastal area of Batam. To comprehensively capture local atmospheric conditions, three
complementary API requests were performed covering the period from January 2015 to January
2025.

The first request retrieved hourly core atmospheric variables, including near-surface air
temperature, relative humidity, dew point, surface pressure, wind speed, and total cloud cover.
These variables form the primary predictors commonly associated with short-term rainfall
processes in tropical environments. The second request focused on precipitation-related
indicators, such as low, mid, and high cloud cover layers, hourly precipitation amount, and
vapour pressure deficit, which directly influence rainfall occurrence and intensity. The third
request provided daily extreme and radiative variables, including maximum and minimum
temperature, apparent temperature, shortwave radiation sum, and wind gusts, supplying broader
thermal and energy-balance context relevant to tropical weather variability.

All datasets were automatically downloaded through reproducible API calls, standardized to
the same time zone (UTC+7), and subsequently temporally aligned and merged into a unified
meteorological table. This integrated dataset served as the input for the subsequent
preprocessing, feature engineering, and modeling stages.

menpernture D o relative_husadity 3m dew point 3m o surfsce pressure hpa  wind speed iDm kmh  choud cover soll_moistors O Tom m3md soil bempersture 3 Tom o woll temperaiure T Jom o sl temperaiure 38 100cm o sodl bemperature 100 3

B 208 20

g

B 30 0123 240 17 20 2850 w1 ELE]
4 " 228 2 2 203
B8 39 0131 24 0 %5 =0 w1 283

0u00 | 70 B} 228 LR B 1 T 58 F1x) 83
|2 M0 %0 w EE]

%0 an FLE]
53 250 20 w0 283

or 2 2
M 128 e 28

[T B 728 0087 23
B8 2 0008 253

Er)

a4

8 3
334 253 280 70 283
=

gs 898 EEFfesEEEERERERE

oo | 754 BE 728 0114 280

Figure 2. Dataset

B. Data Preprocessing

The merged dataset initially consisted of hourly and daily observations spanning ten years.
After temporal alignment, cleaning, and feature engineering, the final dataset comprised 87,668
hourly records with complete predictor variables. The target rainfall variable exhibited a highly
imbalanced distribution, with non-rain observations dominating the dataset, reflecting the
natural rainfall characteristics of Batam’s tropical climate.

1. Data Cleaning and Time Alignment

All timestamps were parsed into a uniform datetime format and aligned at the hourly resolution,
as Open-Meteo data occasionally contains duplicate or irregular time entries. Duplicate
timestamps were removed, and non-numeric fields were coerced into numeric types where
appropriate. Rows with invalid timestamps were discarded. To ensure physical validity of
meteorological measurements, range bounding was applied. Variables such as humidity (0—
100%), cloud cover (0-100%), temperature (—20 to 60°C), soil moisture (0-0.6 m3/m3), and
surface pressure (870-1085 hPa) were clipped to scientifically plausible ranges. Values falling
outside these ranges were treated as missing.

131



INOVTEK Polbeng - Seri Informatika, Volume 11, Issue 1, February 2026 ISSN: 2527-9866

2. Handling Missing Values and Outliers

Missing values were handled using a strategy tailored to the temporal nature of the dataset.
Continuous meteorological variables were interpolated based on time to preserve hourly
continuity, while variables less suitable for interpolation, such as cloud cover layers, were
completed using forward and backward filling. Observations with excessive missing
information were excluded to maintain data reliability. To reduce the influence of extreme
values, numerical features were clipped using percentile-based thresholds, ensuring that outliers
did not dominate model learning while retaining natural atmospheric variability.

3. Feature Engineering

Feature engineering was performed to capture temporal dependencies and periodic atmospheric
patterns that influence rainfall formation. Time-based features such as hour, day of week, and
month were derived from the timestamp, while cyclic transformations using sine and cosine
functions were applied to model diurnal, weekly, and seasonal periodicity. To incorporate
short-term temporal memory, lagged values at 1, 3, and 6 hours were generated for key
meteorological variables, complemented by 3-hour rolling averages to smooth short-term
fluctuations. These transformations enrich the temporal representation of the data, enabling the
models to learn both instantaneous conditions and recent atmospheric trends.

4. Target Construction and Final Dataset Preparation

The target variable, next-hour rainfall, was derived by shifting the precipitation column one
step forward to create "target precip_nextlh'. Rows containing undefined target values were
removed. Finally, the dataset was exported into a clean analytical format and served as the input
for model development. All preprocessing steps were conducted automatically using a
reproducible Python pipeline, facilitating transparency and replicability.

C. Model Development

This study implemented three supervised machine learning algorithms: Naive Bayes, C4.5, and
Random Forest, to construct rainfall classification models. Each algorithm was selected based
on its theoretical suitability for meteorological data and its complementary role within an
ensemble framework. The Naive Bayes classifier was implemented using the Gaussian Naive
Bayes formulation, which assumes continuous meteorological predictors follow a normal
distribution within each rainfall class. This variant is appropriate for atmospheric variables such
as temperature, humidity, pressure, and wind speed, which exhibit approximately continuous
behavior. Gaussian Naive Bayes estimates class posterior probabilities using Bayes’ theorem
under the conditional independence assumption, enabling efficient learning and robust
performance on high-dimensional climate data with limited computational cost [19].

e «P©] [ Pl o)

The C4.5 algorithm was implemented using the J48 decision tree formulation, which constructs
classification trees based on information gain ratio. This approach enables interpretable rule-
based partitions of meteorological variables, allowing explicit analysis of how attributes such
as humidity, cloud cover, and pressure contribute to rainfall classification. C4.5 is particularly
suitable for mixed-type features and nonlinear decision boundaries commonly found in tropical
weather data [18].
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Random Forest was implemented as an ensemble of decision trees trained using bootstrap
sampling and random feature selection. This method improves generalization by reducing
variance and capturing nonlinear interactions among atmospheric variables. In this study, the
Random Forest model used 100 trees (n_estimators = 100), with maximum tree depth
unconstrained, and class weighting enabled to partially address rainfall class imbalance.
Random Forest has been shown to provide stable probabilistic forecasts in complex
meteorological systems [20].

After training the individual classifiers, their predictions were combined using a majority-
voting ensemble strategy. For each input instance, Naive Bayes, C4.5, and Random Forest
independently produced a rainfall class label, and the final ensemble output was determined by
the class receiving the highest number of votes. This integration exploits complementary
modeling characteristics: probabilistic inference from Naive Bayes, rule-based decision
boundaries from C4.5, and nonlinear pattern learning from Random Forest. Majority voting
was chosen due to its simplicity, interpretability, and robustness under heterogeneous classifier
behavior. All models were trained using the preprocessed dataset with stratified cross-
validation to ensure fair evaluation under class imbalance conditions. Hyperparameters such as
tree depth (C4.5), number of trees (Random Forest), and smoothing parameters (Naive Bayes)
were tuned empirically to optimize performance.

D. Experimentation
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v
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Features, Target
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Model Development
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Figure 3. Ensemble voting

After the models were developed, an experimentation phase was carried out to evaluate the
performance of each individual algorithm (Naive Bayes, C4.5, and Random Forest) and to
assess the effectiveness of the ensemble approach. This stage served as the empirical foundation
of the study, since every model was tested under identical conditions to produce comparable
and replicable results. The experiments were conducted using the fully preprocessed dataset,
and all models were evaluated using the same validation procedure to ensure fairness and reduce
variance.
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During this phase, each classifier was executed on the dataset to generate predictions for rainfall
categories. The predictive performance of every model was measured using standard
classification metrics, which included accuracy, precision, recall, and F1 score. These metrics
were selected because they provide a balanced evaluation of both overall correctness and class
specific behavior, particularly in datasets affected by imbalance. Through this process,
strengths and weaknesses of each algorithm became evident, such as the tendency of certain
models to overpredict majority classes or to fail in identifying minority rainfall categories. The
outcomes of the experimentation phase offered essential insight into how each model performed
when confronted with Batam’s highly variable meteorological patterns. They also provided
evidence to justify the construction of the ensemble model and informed the subsequent
optimization process.

3. Results and Discussion

Although this study is formulated as a multi-class classification task, additional error-based
metrics are reported to provide complementary insight into model behavior. Classification
metrics (accuracy, precision, recall, and F1-score) are computed on discretized rainfall classes
(TidakHujan, HujanRingan, HujanSedang, and HujanBerat). Meanwhile, absolute error,
RMSE, correlation, and squared correlation are calculated using an ordinal encoding of rainfall
intensity (0-3), which preserves class ordering. These metrics do not aim to estimate exact
rainfall amounts, but to assess the severity of misclassification across rainfall intensities. As
such, error-based metrics function as auxiliary indicators that complement classification results,
enabling a more nuanced interpretation of model performance under highly imbalanced rainfall
conditions.

A. Model accuracy

accuracy: B4.74% +/= 0.31% (micro average: 84.74%)

true TidakHujan true HujanRingan trug HujanSedang true HujanLebat class precision

prad, TidakHujan 87795 7840 585 a7 89.13%
pred. HujanRingan 3622 GLO7 1314 168 GE.04%
prad, HujanSedang il 2 2 2 28.67%
prad, HujanLobat [+] 2 2 [+] 0.00%
class recall 894.93% 45.98% 0.11% 0.00%

Figure 4. Confusion matrix
The ensemble model achieved an average accuracy of 84.74% + 0.31%, demonstrating a
relatively high predictive performance, especially in distinguishing between TidakHujan and
Hujan conditions.

TP + TN
TP + TN + FP + FN

Accuracy =

However, the confusion matrix reveals an uneven class performance. The TidakHujan class
obtained the highest recall at 94.93% and precision at 89.13%, indicating that the model
performed very well in recognizing dry conditions. In contrast, the recall for HujanRingan,
HujanSedang, and HujanLebat classes were considerably lower at 45.98%, 0.11%, and 0.00%,
respectively. This result suggests that the dataset is imbalanced, leading the model to favor the
dominant class (TidakHujan) while underperforming on minority rainfall classes.

B. Absolute error and RMSE
The obtained absolute error was 0.256 + 0.028, and the RMSE was 0.390 = 0.008. These
relatively low values indicate that the average deviation between predicted and actual outcomes
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is modest. Nevertheless, the remaining errors primarily arise from misclassification in less
frequent rainfall categories, especially moderate and heavy rain events.

absolute_error

absolute_error: 0.256 +/- ©0.028 (micro average: ©.256 +/- @.294)

Figure 5. Absolute error

root_mean_squared_error
root_mean_squared_error: 0.398 +/- 8.008 (micro average: 0.390 +/- 0.000)

Figure 6. RMSE

C. Correlation

RMSE =

The correlation between predicted and actual values was 0.509 + 0.014, while the squared
correlation was 0.259 £ 0.015. These results suggest a moderate linear relationship between
model predictions and observed data. Although the ensemble captures general weather patterns,
its ability to model more complex rainfall behaviors remains limited.

correlation

correlation: ©.509 +/- ©.014 (micro average: 0.588)

Figure 7. Correlation
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Table 1. Performance trends of individual and ensemble classifiers in rainfall prediction studies

Study Models Key Findings
Compared
A review on rainfall forecasting using  Individual ML Ensemble learning consistently

ensemble learning techniques [7]

Weather Forecasting Using Machine
Learning Techniques: Rainfall and
Temperature Analysis [21]

Perbandingan Model Machine
Learning pada Klasifikasi Curah
Hujan di Bogor [22]

Comparison Analysis of Random
Forest and Naive Bayes Algorithms
for Rainfall Classification Based on
Climate in Indonesia [23]

Rainfall Prediction based on Historical
Weather Data using Naive Bayes
Classification Model in Southeast
Sulawesi [24]

models vs ensemble
methods

SVC, LR, RF vs
voting ensemble

Naive Bayes,
Decision Tree,
Random Forest

Naive Bayes vs

Random Forest

Naive Bayes (single
model)

outperformed single classifiers in
rainfall prediction accuracy across
multiple studies.

Ensemble model achieved higher
accuracy and recall than individual
classifiers, particularly for rainfall
occurrence detection.

Random Forest outperformed Naive
Bayes and Decision Tree, indicating
complementary strengths among base
learners.

Random Forest showed significantly
better precision and recall than Naive
Bayes on climatic datasets.

Naive Bayes achieved moderate
accuracy (~74%), serving as a baseline
classifier for rainfall prediction.
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Table 1 summarizes performance trends reported in recent rainfall prediction studies comparing
individual classifiers and ensemble-based methods. Prior research consistently indicates that
ensemble models generally achieve higher overall accuracy and more stable performance than
single classifiers, particularly when probabilistic and tree-based learners are combined. This
pattern is consistent with the results of this study, where the Naive Bayes—C4.5-Random Forest
ensemble outperformed its base models in terms of overall accuracy. At the same time, several
studies report that ensemble performance degrades under severe class imbalance, especially for
moderate and heavy rainfall categories. This limitation aligns with the behavior observed in the
Batam dataset, indicating that the findings of this study reflect broader trends in rainfall
prediction literature rather than isolated results.

The experimental results further show that the accuracy improvement achieved by the proposed
ensemble is primarily driven by its strong ability to identify TidakHujan conditions, which
dominate the data distribution. However, the pronounced imbalance substantially reduces
sensitivity to rarer rainfall events, with recall values dropping to 0.11% for HujanSedang and
0.00% for HujanBerat. These results indicate that, while effective for dominant-condition
classification, the ensemble is not reliable for detecting moderate and heavy rainfall events
without additional strategies to address class imbalance. This limitation has important
implications for model applicability. While the ensemble achieves high overall accuracy, its
effectiveness is restricted when forecasting rare but high impact rainfall events. As a result, the
proposed model should not be interpreted as a reliable solution for disaster early warning
systems that depend on accurate detection of extreme rainfall. Instead, its reliability is confined
to operational scenarios focused on dominant weather conditions, such as distinguishing dry
periods from light rainfall, which remain relevant for maritime operations, aviation scheduling,
and routine outdoor planning in Batam.

Despite these constraints, the ensemble voting strategy still demonstrates methodological value.
The integration of probabilistic reasoning from Naive Bayes, rule-based partitioning from C4.5,
and nonlinear modeling from Random Forest contributes to improved stability and
generalization relative to single classifier approaches. This confirms that ensemble learning
remains a viable framework for short term weather classification in tropical microclimates,
provided its limitations are clearly acknowledged. The primary source of performance
degradation lies in the severe imbalance of rainfall classes, where moderate and heavy rainfall
events are sparsely represented. Addressing this issue is critical for future research. Potential
improvements include the application of resampling techniques such as SMOTE, cost sensitive
learning strategies, or the incorporation of additional historical rainfall records from BMKG.
These enhancements are necessary to improve fairness across classes and to extend the
applicability of ensemble-based models to extreme rainfall prediction.

4. Conclusions

This study proposed and evaluated an ensemble-based approach for short-term rainfall
prediction in Batam by integrating Naive Bayes, C4.5, and Random Forest algorithms. The
ensemble was designed to address the high variability and complex microclimatic
characteristics of Batam’s tropical environment. Experimental results showed that the ensemble
achieved an average accuracy of 84.74%, outperforming the corresponding individual
classifiers. The model demonstrated strong predictive performance for dominant rainfall
categories, particularly TidakHujan and HujanRingan, supported by relatively high precision
and recall values. These findings are consistent with previous studies reporting that ensemble
machine learning methods generally achieve higher predictive accuracy for rainfall forecasting
than single-model approaches [25].
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However, the results also reveal a clear limitation of the proposed model. Performance degraded
substantially for the HujanSedang and HujanBerat categories, with recall values of only 0.11%
and 0.00%, respectively. This indicates that the current ensemble configuration is not suitable
for reliable detection of rare but high-impact rainfall events. Such degradation is primarily
caused by severe class imbalance, where non-rain and light-rain observations dominate the
dataset and bias the learning process toward majority classes. Similar behavior has been
reported in prior rainfall prediction studies, which show that imbalanced datasets can reduce
the effectiveness of conventional ensemble models and that alternative approaches may
outperform ensembles when minority rainfall classes are severely underrepresented [26].

Therefore, the applicability of the proposed ensemble must be interpreted within a clearly
defined scope. In its current form, the model is most suitable for forecasting dominant weather
conditions, particularly distinguishing dry periods from light rainfall, which is relevant for
maritime operations, aviation scheduling, and routine activity planning in Batam. However, due
to very low recall for heavy rainfall events, the model is not yet appropriate for early warning
applications that require reliable detection of extreme precipitation. Future research should
focus on improving minority-class detection through targeted strategies, including resampling
methods such as SMOTE or ADASYN, cost-sensitive learning, and the incorporation of
additional large-scale climate features such as sea surface temperature and ENSO indices.
Evaluation should prioritize class-aware metrics, including macro-F1, class-specific recall, and
precision—recall AUC, to ensure measurable improvement in heavy rainfall detection.
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