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ABSTRACT

The high variability of rainfall in tropical climates presents a major challenge for agricultural
management, as weather uncertainty often leads to inefficient fertilization practices due to nutrient loss.
This study aims to develop a robust framework for rainfall prediction, which can inform a flexible and
precise crop nutrient scheduling system. Utilizing an hourly rainfall dataset (n=6,624) obtained from loT
sensors, the research proposes an approach that integrates Singular Spectrum Analysis (SSA) for signal
decomposition and noise reduction with Gradient Boosting algorithms (LightGBM and XGBoost). Spline
interpolation was employed to handle missing data, while SSA served to disentangle deterministic trends
from random noise, enabling the models to perform more effectively on the refined dataset. Empirical
evaluation demonstrates that the SSA-XGBoost hybrid model achieves superior performance, with an
RMSE of 0.0057 and an R2 of 0.8278, significantly outperforming the SSA-LightGBM model (R2 0.2879),
which struggled to capture non-linear patterns within this dataset. The high predictive accuracy of the SSA-
XGBoost model facilitates the implementation of responsive nutrient management strategies, wherein
fertilizer application can be deferred during forecasted periods of high rainfall to prevent runoff and
environmental pollution. This research contributes to the field of hydroinformatics by demonstrating the
effectiveness of combining SSA and XGBoost as a cost-efficient yet high-performance solution for
mitigating climate-related risks in tropical wetland agriculture.
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1. Introduction

Rainfall is one of the major factors that affect plant growth in various agricultural
ecosystems. The availability of water from rainfall not only helps the photosynthesis process, but
also affects the availability of nutrients in the soil. The interaction between rainfall and nutrients
is critical as rainfall can accelerate the leaching of nutrients in the soil, causing plants to lack
essential nutrients (Dupas et al., 2024; Elbasiouny et al., 2022b; Komatsu et al., 2026; J. Li et al.,
2025; S. Lietal., 2025). On the other hand, too little rain can limit nutrient uptake by plant roots,
resulting in slow growth and lower yields.

In the context of global climate change, rainfall patterns are becoming increasingly erratic,
making it difficult for farmers to determine the right time to apply nutrients to crops. Therefore,
it is important to develop nutrient management strategies that consider rainfall patterns. Providing
the right nutrients at the right time can improve resource use efficiency and maintain farm
sustainability.
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Optimal nutrient delivery is key in increasing crop yields while maintaining ecosystem
balance(Ding et al., 2025; Dong, 2024; Liu et al., 2025; Valladares-Castellanos et al., 2024; Y.
Yang & Ma, 2025). Proper crop nutrient management is essential in modern agriculture, where
excess or deficiency of nutrients can have a significant impact on crop health and yield quality.
In the context of climate change that increases rainfall variability, the development of a weather
prediction-based nutrient scheduling system is an urgent need. This research comes with a novelty
through the development of a crop nutrient scheduling system that leverages rainfall prediction,
aiming to maximize water and nutrient use efficiency and minimize the negative impacts of
weather variability. This solution is designed to help farmers avoid potentially environmentally
damaging over-fertilization and reduce the risk of nutrient deficiencies in crops, which often
reduce the quality and quantity of crop yields (Murumkar et al., 2025) .

The agricultural sector in tropical nations, particularly in archipelagic countries such as
Indonesia, is currently under significant pressure from the combined effects of global climate
variability and the imperative to ensure sustainable food security. In tropical farming systems,
rainfall functions as the primary stochastic factor, governing not only water availability for
photosynthesis but also fundamentally modulating the physico-chemical dynamics of soil
nutrients. Rainfall plays a dual role; while it facilitates nutrient uptake through mass flow and
diffusion, it can simultaneously trigger detrimental leaching and surface runoff (T. T. Cao et al.,
2025; Mora-Motta et al., 2025; Paramesha et al., 2025; Singh et al., 2025; X. Yang et al., 2025).
Consequently, balanced water management is paramount for enhancing input efficiency in
agriculture.

However, alongside climate change, rainfall patterns are becoming increasingly erratic,
evidenced by shifts in monsoon onset, heightened extreme weather events, and pronounced
seasonal fluctuations. This instability renders traditional methods, such as fixed planting calendars
or historically based local knowledge, less relevant for anticipating actual climatic conditions
(Getachew et al., 2025; Olaleye et al., 2026). The inability to adapt to these forecasts adversely
affects fertilizer-use efficiency. Heavy rainfall occurring shortly after fertilizer application (>50
mm/day) can accelerate the dissolution and leaching of nutrients, particularly mobile nitrate
(NOs"), leading to economic losses and environmental pollution. Conversely, unanticipated
rainfall deficits can impede nutrient uptake due to reduced soil water potential, potentially causing
plant growth stagnation.

In response to this uncertainty, modernizing agricultural management necessitates a
paradigm shift from reactive practices toward data-driven precision agriculture. The adoption of
Machine Learning (ML) and the Internet of Things (10T) offers a pathway to mitigate these risks.
Previous research has employed ML to enhance the accuracy of rainfall prediction in tropical
regions. Studies by (Baskara et al., 2024; Dong, 2024; Samad et al., 2020) utilized Long Short-
Term Memory (LSTM) models to analyze temporal patterns, while proposed a hybrid
methodology. In the Indonesian context, (Arassah et al., 2025; Puspasari et al., 2023)
demonstrated the effectiveness of Random Forest and ensemble models in projecting extreme
weather events.

Although the potential of these technologies is widely acknowledged, a significant gap
persists between the capabilities of standard algorithms and the complexity of tropical rainfall-
related data. The core challenge lies in the data's inherently noisy nature, stemming from localized
convective storm phenomena. While powerful, boosting models such as Light Gradient Boosting
Machine (LightGBM) and Extreme Gradient Boosting (XGBoost)—despite their efficacy in
handling non-linear relationships—are highly sensitive to noise (Hameed et al., 2025;
Pringandana & Kusnawi, 2025). Without appropriate preprocessing, these models are prone to
overfitting, wherein the algorithm "memorizes" noise rather than learning the underlying subtle
climatic trends. Consequently, the resulting predictions exhibit low accuracy during testing and
prove unreliable for high-stakes decision-making, such as fertilization scheduling.

Therefore, this study posits that the path to accurate rainfall prediction lies not merely in
algorithmic selection but necessitates advanced data processing to disentangle genuine signals
from interference. This research proposes a novel hybrid framework integrating a signal
decomposition method, Singular Spectrum Analysis (SSA), with ensemble boosting models
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(comprising LightGBM and XGBoost). SSA functions as a critical preprocessing stage,
deconstructing the rainfall time series into its constituent trend, seasonal, and noise components.
By reconstructing the data using only the signal components and discarding the noise, this study
provides "cleaned" input for the boosting models—an approach supported by recent findings from
(Diniaty et al., 2024; Narimani et al., 2023; Tian et al., 2025) in hydrology.

This study makes significant contributions in three principal aspects. First, it offers a
methodological innovation by implementing a Denoising-Ensemble technique specifically
designed to address the limitation of boosting models when confronted with the volatile
fluctuation characteristic of tropical data. Second, it advances the development of a Decision
Support System (DSS) logic that translates rainfall prediction outputs into specific nutrient
management actions—such as deferring fertilizer application during projected periods of high
rainfall—to foster climate-resilient farming, aligning with insights from(Qin et al., 2023). Third,
it provides contextual validation using a high-quality, high-frequency (hourly) dataset from in-
situ sensors at Universitas Lambung Mangkurat, yielding a precise representation of climate
dynamics in an often-underrepresented wet tropical region within the global literature.

The main innovation in this research lies in the adaptive approach that considers weather
conditions and the specific needs of plants in each phase of their growth. The research not only
focuses on analysing the relationship between rainfall and nutrient uptake by plants, but also
develops an accurate rainfall prediction model to plan the optimal timing of nutrient application.
By considering dynamic rainfall patterns, the research devised a more adaptive nutrient
scheduling strategy, thereby improving resource use efficiency while maintaining ecosystem
balance. Another novelty is the assessment of the impact of this scheduling system on crop yield
and ecosystem balance. Through a comprehensive analysis, the research evaluates the potential
for reducing the risk of nutrient leaching due to excessive rainfall, which often leads to reduced
fertiliser use efficiency and environmental pollution.

By integrating more accurate weather prediction technology in the nutrient scheduling
system, this research offers a practical solution that can be applied in the field, benefiting farmers
in improving the sustainability of farming practices and resilience to climate variability.
Achieving the goal of developing an optimal nutrient scheduling system based on rainfall
prediction requires analytical methods that can capture complex and irregular rainfall data
patterns due to climate variability. One method that is very useful in analysing time series data
such as rainfall is Singular Spectrum Analysis (SSA). SSA is a technique capable of decomposing
time series into trend, cycle and noise components, so that hidden patterns in rainfall data can be
better identified. By utilising SSA, this research will identify the long-term pattern and seasonal
variability of rainfall, which is then used for prediction (Tian et al., 2025)

In addition, in an effort to improve the accuracy of rainfall prediction and model nutrient
scheduling, Boosting-based machine learning methods, such as LightGBM (Light Gradient
Boosting Machine) and XGBoost (Extreme Gradient Boosting), will be used (Cui et al., 2021).
Both algorithms are renowned for their ability to handle large and complex data and have the
advantage of performing accurate predictions considering multiple variables. By combining the
decomposition results from SSA with the Boosting model, a more adaptive and robust system to
rainfall variations can be built.

LightGBM and XGBoost were chosen because they can overcome overfitting problems
and can perform predictions quickly without sacrificing accuracy (Narimani et al., 2023). By
using weather variables such as rainfall, temperature, humidity, as well as historical crop nutrient
data, the model is expected to provide more precise nutrient scheduling recommendations in
accordance with local climate conditions. The combination of SSA for rainfall pattern analysis
and Boosting for prediction will be an innovative approach in this research, enabling more
efficient crop nutrient scheduling and positively impacting agricultural yields.

2. Literature Review
a) Rainfall Rate

Rainfall in Indonesia is influenced by many meteorological and geographical factors.
The vast area of Indonesia that lies below the equator experiences significant rainfall. Rainfall

912



Sarietal ... Vol 7(2) 2026: 910-926

patterns that vary between regions are influenced by the orography, topography and geography of
the islands in Indonesia. Rainfall plays an important role in human life, affecting the agricultural
sector, plantations, and causing the risk of floods and landslides (Diykh et al., 2026; Ghosh et al.,
2025; Mashooq et al., 2025; Sutanto et al., 2025; R. Wang et al., 2026; Yamada et al., 2025)

b) Rainfall Prediction Studies

Several studies have applied machine learning techniques to improve rainfall prediction
accuracy, particularly in tropical regions characterized by high variability, extreme rainfall
intensity, and strong seasonal cycles. Samad et al. (Dong, 2024; Samad et al., 2020) utilized
LSTM-based models that effectively captured rainfall patterns and improved predictive accuracy,
while (Hu et al., 2025; Johny et al., 2022; G. D. Kumar et al., 2024) found that LSTM in rainfall
forecasting. In India Patil and Kulkarni (2023) proposed a hybrid ML approach combining
physics-based and data-driven principles, achieving up to 25% improvement over traditional
models. Sawah (Sawah, 2026) further demonstrated that ML algorithms such as ANN, SVM, and
ensemble learning outperform conventional statistical techniques in modeling nonlinear rainfall
patterns. In Indonesia, Puspasari et al., (2023) applied a Random Forest model for rainfall and
flood prediction with an accuracy of 94.93%, Arassah et al., (2025) combined SVC-RNN
achieving 98.5% classification accuracy, and Y. Wang et al., (2026) developed an adaptive
stacking ensemble model with Bayesian Optimization that produced low MSE across multiple
regions. These studies confirm that machine learning approaches provide more reliable and
accurate rainfall predictions in tropical climates compared to traditional models, effectively
addressing the challenges posed by complex and highly variable weather conditions.

¢) Time Series Prediction

Forecasting is the process of predicting future events based on past and present data. The
methods are divided into qualitative, based on subjective factors and quantitative, using historical
data. Quantitative techniques include time series and regression models, which focus on analyzing
temporal patterns such as trend, seasonal, periodic, and irregular (Alkaff et al., 2019; Jiang et al.,
2024; C. Li et al., 2026; Lin et al., 2026; Mehdizavareh et al., 2025; C. Wang et al., 2026; W.
Wang et al., 2025; Wu et al., 2025).

d) Internet of Thing (loT)

This research uses an Internet of Things (loT)-based monitoring tool with an automatic
type of tipping bucket. 10T connects sensors, actuators, and physical objects to the internet to
collect data, including rainfall measurements for forecasting. Data from rainfall sensors are stored
in the cloud (firebase) and can be accessed flexibly via the internet using SIM modules for sending
and receiving data (Ahire et al., 2022; Mahdavinejad et al., 2018; Zakaria and Michael, 2017).

e) Singular Spectrum Analysis (SSA)

Singular Spectrum Analysis (SSA) is a method rooted in Karhunen-Loéve transformation
theory, employed to extract underlying components—such as trend, seasonal patterns, and
noise—from time series data. Through its three core stages of embedding, singular value
decomposition (SVD), and reconstruction, SSA effectively filters out noise, thereby clarifying
dominant patterns and enhancing predictive accuracy . Owing to its capacity to handle nonlinear
and complex data structures, SSA has been widely adopted in climatological and hydrological
analyses. For instance, Diniaty et al., (2024) integrated SSA with machine learning techniques to
improve monthly rainfall forecasting accuracy. Similarly, Cui et al. (2021) demonstrated that
applying SSA to river flow data effectively reduces noise prior to modeling with LightGBM,
leading to superior prediction performance.

f) Light Gradient Boosting Machine (LightGBM)

The Light Gradient Boosting Machine (LightGBM) is a machine learning method
developed by Microsoft Research Asia in 2016, based on the Gradient Boosting Decision Tree
(GBDT) algorithm. LightGBM is known for its computational efficiency, high accuracy, low
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memory consumption, and ability to handle large-scale datasets effectively (Bui et al., 2021; Cui
etal., 2021; Narimani et al., 2023). Compared to other ensemble learning methods, each algorithm
exhibits unigue strengths and weaknesses when applied to time-series prediction. XGBoost, for
instance, offers effective L1/L2 regularization and robust pruning mechanisms that enhance
model stability for non-linear data, but it tends to be slower than LightGBM (Bentéjac et al.,
2021). LightGBM, on the other hand, achieves faster training and better scalability for large
datasets, although it can be prone to overfitting when handling imbalanced data (Q. Cao et al.,
2023; Yao et al., 2022). Meanwhile, CatBoost and Random Forest (RF) models are generally
more interpretable and resistant to overfitting, but they may be less efficient for continuous or
high-dimensional time-series data (Sahin, 2020). An illustration of the LightGBM workflow is
presented in Fig. 1.
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Fig. 1. lllustration of LightGBM Method Flow

Figure 1 illustrates the core operational mechanism of the LightGBM algorithm,
highlighting its Gradient-Based One-Sided Sampling (GOSS) approach and leaf-wise tree growth
strategy. In contrast to classical level-wise tree development methods, this figure demonstrates
how LightGBM prioritizes splits at leaves with the greatest gradients or prediction errors,
represented by darker or more dominant data subsets. The process underscores computational
efficiency, as data with small gradients (already well-predicted instances) are either down-
sampled or randomly selected, while the model focuses more intensively on learning from
complex, high-gradient data. This elucidates why LightGBM can achieve substantially faster
model training compared to other ensemble techniques.

LightGBM introduces Gradient-Based One-Sided Sampling (GOSS) and Exclusive
Feature Bundling (EFB) methods. GOSS organises learning based on decreasing absolute value
of gradient, retains subset ‘A’ with top-a X 100% highest gradient cases, and randomly selects
subset B with (1-a)x100% from size of bx|Ac|. Consistent objects are partitioned into vectors
based on the estimated variance of subsets A and B shown in the following equation (V. Kumar
etal., 2023).

Global
Best Split

(1)
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Description:

I7j(d) = Function value V at the j-th iteration and parameter d

n = total value of data or sample

A, = A subset of the data that fulfils the conditions or criteria t

B, = Another subset of the data that fulfils the conditions or criteria T
gi = Weight or function value of the i-th data

a = A constant that governs the proportion of data in the subset A,

b = A constant that governs the proportion of data in the subset B;

n{ (d) = Total data in subset A, on the j-th iteration and parameter d
A, = A subset of the data that fulfils the conditions or criteria y
B, = Another subset of the data that fulfils the conditions or criteria y

n)f(d) = Total data in subset A4, on the j-th iteration and parameter d
s = Exponent or power applied to the sum in a subset A, and B,

Where A, = {x;edix;; <d}, A, ={x;€Aix;;>d}, B, ={x;€B:x;;<d}, B, =
{x;€B:x;; > d} and to normalize B value to size of A, coefficient (1 — a)/b is used.

Exclusive Feature Bundling (EFB) in LightGBM is an automatic feature selection that
combines separate features, such as categorical inputs, to reduce the dimensionality of the data
without losing information. It changes the complexity from O(data x features) to O(data X
bundles), where the number of bundles is much smaller than the original number of features. This
change speeds up the learning time by 20 times, making LightGBM a gradient-enhanced decision
tree with GOSS and EFB implementations (V. Kumar et al., 2023).

g) Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) method, proposed by Tiangi Chen in 2016, is an
ensemble learning algorithm based on boosting method and has attracted great attention in
machine learning applications. The main formula of this method is as follows (Bentéjac et al.,
2021).

Vi =f0e) + f200) + - fie (k) )

Description:

y; = Predicted or estimated target value for i-th data

f1(x), f2(x;), .. fr (x;) = Predictor functions applied to the data of x;
x; = Data atau fitur-fitur dari data ke-i

An illustration of the flow of the XGBoost method can be seen in Fig. 2
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Fig. 2. lllustration of XGBoost Method Flow

Figure 2 represents the principle of Additive Training in XGBoost. The diagram depicts
the sequential process wherein each new decision tree (Treel, Tree2, ..., TreeK) is added not
independently, but to correct the residuals (errors) from the preceding tree. The final predicted
value (¥i) is the sum of scores from all trees in the sequence (D fk(xi)). This visualization
reinforces XGBoost's strength in incrementally reducing bias through a gradient descent
mechanism on the objective function, which is further augmented by regularization terms to
prevent overfitting on highly variable data such as rainfall.

h) Min-Max Normalization

Min-Max Normalisation is a simple data scaling method that converts data values into the
range [0, 1]. In addition to facilitating computation, this method also helps find the global optimal
solution. The equation to perform min-max normalisation is as follows (Sahin, 2020):

xhew — Xi = Xmin (3)

i
Xmax — Xmin

Description:

x{**" = normalized data

x; = data that will be normalized
Xmin = Minimal value on dataset
Xmax = Maximal value on dataset

i) Model Evaluation

1) Root Mean Squared Error (RMSE)
Root Mean Squared Error (RMSE) calculates the error between the predicted value and the actual

916



Sarietal ... Vol 7(2) 2026: 910-926

value, and then finds its root. RMSE is a popular continuous variable performance metric,
providing an objective picture of prediction performance. The lower the RMSE value, the more
accurate the method. The basic assumption is that the error value should be unbiased and follow
a normal distribution. The equation for calculating RMSE is as follows(Diykh et al., 2026):

RMSE = (4)

Description:

n = total number of data

y; = actual value

¥; = result of prediction value

2) Mean Absolute Error (MAE)

Mean Squared Error (MAE) calculates the error between the predicted value and the actual value,
then it is converted into absolute value. MAE is used for model evaluation and is useful if outliers
represent corrupted data. The equation to calculate MAE is as follows (Luo et al., 2021):

n
1o 5
MAE = — 19~ il ©
n 1

Description:

n = total number of data

y; = actual value

¥; = prediction value

3) R-Squared (R?)

R-squared (R2) is the proportion of variance in the dependent variable that can be predicted from
the independent variables. As a coefficient of determination with values between 0 and 1, R-
squared indicates how much variation in the independent variable affects the dependent variable.
The closer to a value of 1, the better the model. The equation to calculateR2 is as follows (Sahin,
2020):

n
1
MAE =~ 19; - i ©)
1

Description:

n = total number of data
y; = actual value

¥; = prediction value

y = averaged value

3. Research Method
a. Rainfall Prediction Model

Rainfall prediction is performed using the Singular Spectrum Analysis (SSA) method
which is able to separate data components into trend, seasonality, and noise. Then, two Boosting
models, namely LightGBM and XGBoost, are used to make predictions based on the decomposed
data. The steps performed in this method are as follows:

1) Rainfall Data Collection: The historical rainfall data used in this study was taken from local
weather stations or open weather datasets, such as BMKG or global meteorological data
sources. The data used includes several historical years to capture seasonal variations and
long-term trends.
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2) Data Pre-processing: The rainfall data obtained was pre-processed to overcome the problem
of missing data or outlier data. Interpolation and normalisation techniques are used to ensure
that the data is ready for further processing by the prediction algorithm.

3) Data Decomposition with Singular Spectrum Analysis (SSA): After data pre-processing,
SSA was applied to decompose the rainfall time series into principal components, namely:
e Trend: Indicates long-term patterns that occur in rainfall data.

e Seasonal: Identifying seasonal fluctuations, such as higher rainfall in the wet season.
o Noise: It is a component that has no particular pattern and can be ignored for predictive
analysis.

4) Application of Boosting Models: After decomposing the data, the LightGBM and XGBoost
models were applied to perform rainfall prediction based on the trend and seasonal
components generated by SSA. These two models were chosen for their advantages in
handling large data, their ability to manage complex variables, and their efficiency in
prediction.

5) The LightGBM model is used to perform rainfall prediction based on weather variables such
as temperature, humidity, and relevant air pressure. The algorithm is fast in model training
and has the ability to handle large-scale data with high efficiency.

6) XGBoost was used to compare the prediction results of LightGBM.XGBoost also handles
outliers and noise in the data well, and is well known for minimising overfitting.

7) Model Performance Evaluation:The performance of the rainfall prediction model was
evaluated using several evaluation metrics, such as Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and R-squared. (R?). These metrics are used to measure how well the
model is able to predict rainfall based on existing data.

8) Model Validation: To ensure the accuracy of the predictions, cross-validation was performed
by dividing the data into subsets. The most accurate prediction model was further tested using
separate test data to measure the generalisability of the model in predicting future rainfall.

With this method, it is expected that the resulting prediction model will have high accuracy
in forecasting rainfall based on the historical patterns that have been analysed. The model can
then be integrated into a crop nutrient scheduling system to improve the efficiency of water and
nutrient use.

b. Nutrient Scheduling

Nutrient application is designed to be adjusted according to the resulting rainfall prediction.
When high rainfall is predicted, nutrient application is reduced to prevent nutrient leaching, while
at low rainfall predictions, nutrient application is increased. The steps involved in scheduling
nutrient delivery are as follows:

1) Rainfall Classification Based on Prediction: The rainfall predictions generated by the models
(LightGBM and XGBoost) are classified into several categories, such as (Murumkar et al.,
2025):
¢ High rainfall (> 50 mm/day): High nutrient leaching potential.

e Moderate rainfall (20-50 mm/day): Moderate risk of nutrient leaching.

e Low rainfall (< 20 mm/day): Nutrient delivery is more effective due to minimal leaching.

2) Adjustment of Nutrient Feeding Schedule: Based on the rainfall prediction results from the
above categories, adjustments to the nutrient feeding schedule are made as follows.

e High rainfall: Nutrient application is reduced or temporarily delayed until rainfall is
reduced, to avoid leaching of nutrients. If nutrients are applied, a slow-release form of
fertilizer is used which reduces the risk of leaching.

¢ Rainfall is moderate: Nutrient application is done with adjusted doses, considering the
risk of partial leaching. The use of quick-acting fertilizers is preferred.

e Low rainfall: Nutrient delivery can be increased to ensure crops get enough nutrients as
the risk of leaching is minimal. Liquid fertilizer or nutrients delivered through irrigation
can be applied to ensure absorption efficiency.

1) Integration with Plant Growth Phase: Nutrient schedules are also customized according
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2)

3)

to the growth phase of the crop. For example, in the early vegetative phase, plants require
more nitrogen for leaf growth, while in the generative phase, the focus is more on
phosphorus and potassium to support fruit or seed formation. Rainfall predictions will
determine the intensity and type of nutrients applied in each phase

Use of Weather and Crop Monitoring Technology: To ensure proper scheduling, weather
and soil sensors are used to monitor field conditions in real-time. Actual rainfall data, soil
moisture and crop nutrient requirements are synchronized with model predictions to
provide more accurate information regarding the timing and amount of nutrient
application.

Dynamic Evaluation and Adjustment: This nutrient delivery scheduling system is
evaluated periodically. Based on crop growth results and actual weather conditions,
adjustments are made to ensure nutrient efficiency remains optimal. The rainfall
prediction model will be continuously updated with new data, so that the nutrient delivery
schedule can be adjusted more dynamically following changes in rainfall patterns.

This approach is expected to make nutrient delivery more efficient, reduce the risk of

nutrient leaching, increase crop yields, and preserve the environment.

C.

Data and Implementation

Hourly rainfall data from Lambung Mangkurat University sensor is used as dataset. The

prediction process is performed using SSA method for data decomposition, and Boosting for
rainfall prediction.

1)

2)

3)

4)

5)

6)

7)

8)

Data Collection: This study utilized critical hydrological data collected from an Internet
of Things (loT)-enabled automatic weather station (AWS) deployed at Universitas
Lambung Mangkurat in South Kalimantan. The instrumentation featured a tipping-bucket
rain gauge, calibrated for precise rainfall intensity measurement. A GSM module
facilitated automated data transmission by sending telemetry packets to a cloud-based
Firebase database, enabling continuous, unmanned data logging. The dataset comprises
6,624 hourly rainfall entries, capturing the characteristic diurnal and seasonal fluctuations
of the tropical monsoon climate. This detailed temporal dataset was essential for training
the proposed machine learning models to identify rapid shifts in weather patterns.
Implementation: Implementation of LightGBM and XGBoost methods with data
decomposition techniques using SSA for rainfall prediction. The implementation stage
will be carried out using Jupyter Notebook tools. The programming language used is
python.

Dataset Input: The dataset used in this study is hourly rainfall data with a total of 6624
data in the form of files with the extension .csv and imported using the pandas library.
Preprocessing: Preprocessing is done to prepare the data before it is processed at the next
stage. In this research, data with empty values will be processed using traditional
techniques and interpolation, then data normalization is performed using min-max
normalization.

Data Decomposition: In the data decomposition stage, the main components of the dataset
are separated into trend, seasonal, and noise so that they are easier to interpret. The data
decomposition process in this study uses the SSA technique.

Data division: The dataset used will be divided into training data and test data for
benchmarking. The training data will be used to train the model, while the test data will
be used to test the model.

Model Building: LightGBM and XGBoost models were built using several parameters
namely, num_iterations, learning_rate, and max_depth parameters in lightGBM and
n_estimators, eta, and max_depth parameters in XGBoost.

Testing: Model testing is done by utilising test data to test the pre-trained LightGBM and
XGBoost models. This test is conducted to obtain model performance using regression
loss in the form of RMSE and MAE, and regression score in the form of R2.
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4. Results and Discussions
This section presents the results of rainfall prediction using the LightGBM and XGBoost
models, and their impact on nutrient scheduling.

a. Prediction Model Performance

The models compared were the LightGBM and XGBoost models. The results showed that
the XGBoost model with SSA resulted in lower RMSE and higher R2 compared to LightGBM.
This shows that XGBoost is more accurate in predicting rainfall and is more suitable in the context
of nutrient scheduling that is sensitive to changes in rainfall. Results can be seen in Table I.

Table 1 - Comparison of Model Prediction Results

Model RMSE MAE R2
LightGBM 0.0115858097 0.0042129124 0.2879378609
XGBoost 0.0056971936 0.0034495675 0.8278182711

Based on table I, it can be seen that the lowest RMSE and MAE values are in using the
XGBoost model, and the highestR2 value is in using the LightGBM model. A comparison of the
RMSE, MAE, andR2 values based on the data division ratio can be seen in Fig. 3.

Model Performance Comparison

—8— SSA-XGBoost
0.8 7 —e— sSA-LightGBM
0.6
g
T 0.4
0.2 A
0o+ @
RMISE I'v'lr'llE RIZ
Measurment
Fig. 3. Performance Comparison of LightGBM and XGBoost Models
b. Nutrient Utilization Efficiency

By utilizing rainfall prediction, the efficiency of nutrient use is increased, as nutrients are
applied according to crop needs and anticipated rainfall. This reduces wastage and increases crop
yield.

C. Comparative Performance Analysis

A practical evaluation of the proposed hybrid framework was conducted using an hourly
rainfall dataset (6,624 observations) obtained from the weather monitoring station of Lambung
Mangkurat University. The experimental process began with time series analysis using Singular
Spectrum Analysis (SSA) to decompose the data into trend, seasonal, and random noise
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components, followed by training ensemble models based on XGBoost and LightGBM on the
reconstructed data. The results indicate a clear performance difference between the two
algorithms; the SSA-XGBoost model achieved significantly better results with an RMSE of
0.0057 and an MAE of 0.0034, and attained the highest accuracy with an R? value of 0.8278. In
contrast, the SSA-LightGBM model, despite using the same input, struggled to capture data
variability, as reflected by a higher error (RMSE of 0.0116) and a low R2 value of only 0.2879.
The comparative visualization of these results (see Figure 3 and Table 2) clearly demonstrates
that the level-wise tree-growing architecture of XGBoost provides substantially better stability
than the leaf-wise approach of LightGBM for the characteristics of this local rainfall dataset.
Table 2 - Performance Comparison of the Proposed Models with Related Studies.

SSA- SSA- XGBoost | INCEM
Evaluation = XGBoost LightGBM  Runoff (Pringangana Technical Interpretation
Metric (This (This (Hameed et & Kusnawi

Study) Study) al., 2025) 2025) ’

The low RMSE achieved
by XGBoost indicates a
very small error deviation,
RMSE 0,0057 0,0116 1,554 (m3/s) 0,0786 which is crucial for
avoiding critical mistakes
in fertilization decision-
making.
The low mean absolute
error reflects strong
consistency in daily
predictions.
XGBoost successfully
explains the data variance
to a very high degree,
comparable to
R2 0,8278 0,2879 0,904 0,7981 international benchmarks
(Hameed), whereas
LightGBM performs
poorly in the context of
this dataset.

MAE 0,0034 0,0042 - -

The analysis presented in Table 2 supports the argument that the failure of LightGBM is
data-dependent rather than systemic. In the study by Wibawa et al., (2025) LightGBM
demonstrated strong performance with an R2 value of 0.79; however, in the present study, its
performance is unsatisfactory, achieving an Rz of only 0.28. This discrepancy highlights the
critical importance of benchmarking algorithms for each specific geographical location and
dataset type. No single algorithm can be expected to perform optimally across all scenarios in the
field of hydrology.

The main finding of this study—namely, the substantially superior performance of
XGBoost compared to LightGBM in predicting tropical rainfall after SSA-based denoising—
provides new insights into the field of hydro-informatics. These results are consistent with recent
studies by (Hameed et al., 2025) which reported that XGBoost consistently outperforms other
ensemble models as well as deep learning approaches such as LSTM in capturing nonlinear
patterns in environmental datasets of medium sample size.

Although LightGBM is often praised for its computational efficiency in handling large-
scale data, as reported by (Pringandana & Kushawi, 2025) in humidity prediction. From an
agricultural perspective, the high accuracy achieved by the SSA-XGBoost model (R2 > 0.8) has
significant implications for crop nutrient management. (Elbasiouny et al., 2022a; Qin et al., 2023)
emphasize that synchronizing fertilization timing with soil moisture conditions is an effective
strategy for minimizing nutrient losses. With the ability of the SSA-XGBoost model to accurately
predict rainfall, nutrient scheduling systems can proactively delay fertilization when heavy
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rainfall events (exceeding 50 mm/day) are anticipated—a strategy that, according to (Margenot
& Lee, 2023), can reduce phosphorus and nitrogen losses to water bodies by up to 80%.
Furthermore, the integration of such predictive capabilities supports a more precise
implementation of the 4R Nutrient Stewardship principle (Right Time) compared to calendar-
based methods, as recommended by (Jayarani et al., 2024) in the development of advanced
agricultural systems.

Overall, this study confirms that in the context of rainfall prediction in tropical regions with
limited yet highly variable sensor data availability, the combination of XGBoost with SSA-based
decomposition represents the most robust and reliable solution compared to other boosting
methods.

These findings indicate that computational speed (as offered by LightGBM) should not
come at the expense of predictive accuracy, particularly when model outputs are used for critical
decision-making processes such as nutrient management. The widespread adoption of this hybrid
model has the potential to transform agricultural practices from reactive to predictive, thereby
improving fertilizer use efficiency and reducing environmental impacts caused by nutrient
leaching in tropical areas.

The implications of high predictive accuracy are particularly significant for the transition
toward climate-resilient precision agriculture. Elbasiouny et al. (2022) and Dong et al. (2023)
(Elbasiouny et al., 2022a; Qin et al., 2023) emphasize that synchronizing fertilization timing with
soil moisture conditions is essential for enhancing nutrient use efficiency (NUE). With the
capability of the SSA-XGBoost model to accurately predict heavy rainfall events, this system
enables the proactive implementation of fertilization delay strategies, which, according to
Skidmore et al. (2023), are crucial for reducing the risk of nutrient losses and phosphorus runoff
into water bodies commonly associated with excessive rainfall.

In general, this study concludes that the SSA-XGBoost hybrid model provides a robust,
efficient, and scalable solution for managing water availability and crop nutrient dynamics in
tropical regions, while effectively bridging the gap between weather prediction and real-world
agricultural applications.

5. Conclusion

This study demonstrates that integrating Singular Spectrum Analysis (SSA) with XGBoost
constitutes a highly effective methodology for addressing the challenge of rainfall prediction in
highly volatile tropical regions. The hybrid SSA-XGBoost model achieved superior predictive
performance, evidenced by a high accuracy (R2 = 0.8278) and a low error rate (RMSE = 0.0057),
significantly outperforming comparable algorithms such as LightGBM. Furthermore, the model's
outputs are directly applicable to developing adaptive cultivation systems. The practical utility of
this research is substantial, as it provides a data-driven foundation for optimizing fertilizer
scheduling. By enabling farmers to avoid applications during forecasted periods of heavy rainfall,
the framework helps prevent nutrient leaching, thereby enhancing cost efficiency and
environmental protection. Consequently, this study recommends the broader adoption of the SSA-
XGBoost methodology within intelligent agricultural development initiatives in Indonesia,
supporting the advancement of more sustainable food security.
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