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Maize is a strategic commodity in Indonesia’s national food system, yet traditional
yield-prediction methods based on statistical or survey approaches often fail to capture the
nonlinear and dynamic relationships among agronomic, climatic, and socio-economic
variables. Accurate forecasting remains essential for supporting food self-sufficiency and
climate-resilient agricultural planning. To address these challenges, this study proposes
SMART-JAGUNG, a machine learning—based maize yield prediction system employing
three ensemble and regression models: Random Forest (RF), Support Vector Regression
(SVR), and eXtreme Gradient Boosting (XGBoost). The dataset comprises five years of
maize production data from the Indonesian Central Bureau of Statistics (BPS), along with
auxiliary variables including rainfall, temperature, NDVI, seed type, and fertilizer use.
Model performance was evaluated using Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and the coefficient of determination (R?) before and after hyperparameter
tuning with GridSearchCV. Results indicate that RF achieved the best performance before
tuning (MAE = 36,310.53; RMSE = 95,343.05; R?= 0.9758), followed closely by XGBoost,
while SVR consistently underperformed. Although post-tuning performance slightly
decreased, the predicted-versus-actual visualization confirmed the robustness of RF and
XGBoost for non-extreme data. Overall, SMART-JAGUNG demonstrates strong potential
as a reliable, data-driven decision-support tool for precise maize yield estimation,
contributing to sustainable food security and national self-sufficiency policies.
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1. INTRODUCTION

Maize is a vital agricultural commodity at both the global and national levels. Globally, maize ranks
among the top three staple crops, alongside rice and wheat, providing a substantial proportion of daily caloric
intake for billions of people [ 1]. In Indonesia, maize occupies a particularly strategic position as the second-
largest source of carbohydrates after rice, while also serving as a crucial input for the livestock feed industry
and an emerging feedstock for bioenergy production [2][3]. Its role in ensuring national food security has
become increasingly important amid growing demand driven by population growth, dietary diversification,
and the expansion of agro-industrial activities [4].

Despite its strategic importance, Indonesia has yet to achieve sustainable self-sufficiency in maize
production. Current production levels remain unable to fully meet domestic demand, resulting in recurring
reliance on imports to bridge the supply gap [5]. This dependency not only exposes the national food system
to global market volatility but also exacerbates local price instability, undermining farmer welfare and food
affordability. Furthermore, seasonal fluctuations in yield, driven by climatic variability and inconsistent
agronomic practices, have contributed to production uncertainty and weakened the resilience of the maize
supply chain [6].

Accurate yield forecasting is a cornerstone for effective agricultural planning and policy formulation.
Reliable predictions enable policymakers, agribusiness stakeholders, and farmers to make informed decisions
on production targets, input allocation, distribution planning, and market stabilization measures [ 7]. However,
accurately predicting maize yields in Indonesia remains a significant challenge. The complexity arises from
the interplay of multiple, highly nonlinear factors, including agro-climatic conditions (rainfall, temperature,
humidity), environmental indicators (Normalized Difference Vegetation Index, soil fertility levels),
agronomic variables (seed type, planting density, fertilizer application), and socio-economic drivers (market
access, farmer capital, labor availability). These factors often interact in unpredictable ways, making yield
forecasting a multidimensional problem that cannot be effectively addressed solely with conventional
statistical methods [8][9]. Previous studies have attempted to apply various statistical and machine learning
models for crop yield prediction; however, most were limited by small or region-specific datasets, a lack of
ensemble-based optimization, and minimal evaluation of model robustness across diverse agro-climatic
conditions. Few studies have explicitly compared multiple ensemble regression algorithms using
standardized performance metrics on Indonesian datasets. This research gap underscores the need for a more
comprehensive, scalable, data-driven approach that integrates heterogeneous features to improve predictive
accuracy and generalizability. Therefore, this study introduces SMART-JAGUNG, an ensemble machine
learning—based maize yield prediction system that combines Random Forest, XGBoost, and Support Vector
Regression (SVR) to address these limitations and support evidence-based decision-making for national food
self-sufficiency.

Traditional yield prediction methods, such as linear regression or time-series models, generally assume
simple relationships between variables and are limited in their ability to handle high-dimensional, noisy, and
nonlinear datasets. As a result, their predictive accuracy tends to deteriorate in complex agricultural
environments characterized by diverse crop management practices, heterogeneous land characteristics, and
unpredictable climatic patterns. In Indonesia, the scarcity of integrated, high-quality datasets further
compounds the problem, as most predictive models rely on limited historical production data and do not
incorporate environmental and agronomic variables with sufficient granularity [ 10][8]. This creates a research
gap in the development of robust, data-driven prediction models that can integrate multiple sources of
information and adapt to complex, multivariate relationships.

Recent studies have demonstrated that machine learning, particularly ensemble methods such as
Random Forests and XGBoost, can significantly improve the accuracy and generalizability of crop yield
forecasting across diverse climatic and soil conditions [11][12]. However, few studies have systematically
compared multiple ensemble regression models using standardized evaluation metrics and real-world
production data from Indonesia. Therefore, this study introduces SMART-JAGUNG, an ensemble machine
learning—based prediction system designed to fill this gap by integrating multi-year agricultural, climatic, and
environmental datasets to enhance model precision and provide a scalable decision-support framework for
sustainable maize production forecasting.

Building on these developments, this study introduces SMART-JAGUNG, a hybrid machine learning-
based maize yield prediction system specifically designed for Indonesia’s agricultural context. The
framework integrates three high-performing regression algorithms: Random Forest (RF), Support Vector
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Regression (SVR), and eXtreme Gradient Boosting (XGBoost) [13]. These algorithms were selected based
on their complementary strengths in handling complex datasets: RF is well-suited for managing high-
dimensional and noisy data while mitigating overfitting risks [ 14]|; SVR excels at modeling intricate nonlinear
patterns with narrow margin optimization [ 15]; and XGBoost is recognized for its computational efficiency,
scalability, and robustness in capturing high-order feature interactions [16]. By combining these algorithms
within an ensemble framework, the Proposed Method Development seeks to harness their individual strengths
while mitigating their respective limitations.

The dataset used in this study comprises five years of historical maize production data obtained from
Indonesia’s Central Bureau of Statistics (BPS), enriched with auxiliary variables including rainfall,
temperature, NDVI, seed type, and fertilizer usage. This integration of environmental, agronomic, and socio-
economic indicators addresses a key limitation in many previous studies, which often relied solely on
historical yield figures and did not incorporate diverse explanatory variables [17]. Model performance is
rigorously evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the
coefficient of determination (R?), both before and after hyperparameter optimization via GridSearchCV.
Additionally, model robustness is assessed through visualization techniques, such as predicted-versus-actual
value plots and residual distribution analyses, enabling a deeper understanding of predictive accuracy across
varying data ranges.

Given the complexity of maize yield prediction in Indonesia and the limitations of existing approaches,
this study adopts a hybrid machine learning framework to enhance predictive accuracy and reliability. The
following section details the methodological design of Proposed Method Development, including dataset
description, preprocessing procedures, model architecture, hyperparameter optimization strategies, and
evaluation metrics. By systematically presenting these methodological components, the study ensures
transparency, reproducibility, and a clear foundation for assessing the model’s applicability in operational
agricultural decision-making contexts.

2. RESEARCH METHODS

The dataset comprising 191 observations from the Indonesian Central Bureau of Statistics (BPS) was
validated to ensure consistency between harvested area, production, and yield records. Missing values (<3%)
were imputed using mean substitution for continuous variables and mode substitution for categorical
variables, while outliers detected using the IQR method were retained if they represented plausible
agricultural extremes. A 5-fold stratified cross-validation was employed to enhance model reliability and
prevent overfitting. Although relatively small, the dataset remained suitable for ensemble regressors such as
Random Forest and XGBoost, which perform well on limited data when supported by proper feature
engineering. Nevertheless, potential biases due to regional imbalance and limited temporal scope are
acknowledged as limitations for future research. The methodological framework is depicted in Fig. 1.
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Figure 1. Proposed Method Development
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2.1 Data Understanding

In the data understanding phase, efforts focused on identifying and comprehending the structure, types,
and characteristics of the data used in this study [17][18]. The primary dataset was sourced from the
Indonesian Central Bureau of Statistics (BPS) and comprised maize production data at the provincial level
for the past five years (2020-2024). This dataset includes key variables, including harvested area,
productivity, and total production. To enhance the predictive model's contextual richness, additional variables
were incorporated, including rainfall, average temperature, Normalized Difference Vegetation Index (NDVI),
seed type, fertilizer quantity, irrigation method, and maize price. Preliminary observations were also
conducted during this stage to analyze data distribution, detect outliers, and identify potential inconsistencies
or missing values. These insights formed the foundation for designing appropriate preprocessing strategies
and subsequent modeling procedures.

2.2 Exploratory Data Analysis (EDA)

The Exploratory Data Analysis (EDA) phase involved a series of preliminary analyses to gain deeper
insights into the dataset's patterns, structure, and interrelationships. This process included statistical profiling
of numerical variables such as mean, median, minimum, maximum, and standard deviation to identify
descriptive characteristics of the data [19]. Visualization techniques, including histograms, boxplots, and
scatterplots, were employed to detect anomalies, outliers, and skewness that could potentially affect model
performance [20]. Additionally, correlation analysis was conducted among numerical variables using Pearson
correlation coefficients to assess the strength of linear relationships between independent variables and the
target variable (maize production). A correlation heatmap was utilized to visually depict the magnitude and
direction of these relationships, serving as a foundation for relevant feature selection. EDA also facilitated
the assessment of multicollinearity among predictors and the detection of spatial or temporal patterns in the
data distribution. This stage played a crucial role in informing subsequent modeling strategies, particularly in
selecting appropriate features, applying data transformation techniques, and choosing machine learning
algorithms suited to the complex nature of agricultural datasets.

2.3. Pre-Processing

The pre-processing stage aims to prepare the dataset for effective use in machine learning model
training | 18]. The raw data obtained from the Central Bureau of Statistics (BPS), along with supplementary
variables, underwent a series of cleaning and transformation steps to meet the requirements of the selected
learning algorithms. The initial step involved data cleaning, which included the removal of irrelevant entries
such as aggregate national-level records (e.g., rows labeled "INDONESIA") and the treatment of missing
values using mean imputation for numerical features and mode imputation for categorical variables [10].
Subsequently, feature transformation was performed, particularly on categorical variables such as seed type
and irrigation method, which were encoded as numerical values using One-Hot Encoding to meet the input
requirements of most machine learning algorithms. To ensure uniformity in feature scaling, all numerical
variables, such as harvested area, rainfall, and NDVI, were normalized using Min-Max Scaling [21], rescaling
the values to the range 0-1. After these preprocessing steps, the dataset was split into training (80%) and test
(20%) sets using a random split. This separation ensures that the model can learn from historical data and be
evaluated on previously unseen data to assess generalization. Preprocessing plays a crucial role in the machine
learning pipeline, as the quality of the input data directly influences model accuracy and stability. This step
also ensures that the data satisfies the fundamental assumptions required by the regression algorithms applied,
such as SVR and XGBoost.

2.4 Model Training and Testing

This stage represents the central component of the machine learning workflow, where models are
trained to capture the underlying patterns and relationships between input features and the target variable
(maize yield). In this study, three well-established regression algorithms were utilized: Random Forest (RF),
Support Vector Regression (SVR), and eXtreme Gradient Boosting (XGBoost). Each algorithm was trained
separately on the training dataset and later tested on the evaluation dataset to measure predictive performance.
The results of this evaluation provide insight into each model’s generalization capability, ensuring robustness
and reliability when applied in real-world scenarios.
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1. Random Forest

Random Forest is an ensemble learning algorithm that constructs multiple decision trees and
aggregates their outputs to improve prediction accuracy and reduce the risk of overfitting. In
regression tasks, the Random Forest model generates a predicted output y by averaging the
predictions of all decision trees T within the ensemble. This ensemble averaging mechanism
enhances model stability and robustness, particularly when dealing with datasets that contain noise
or complex nonlinear relationships among features [22].

T
1
9= > he) 1)
t=1

where h;(x) represents the prediction of the #-th decision tree. Random Forest is effective in
handling non-linear data, multicollinearity, and outliers, and it also provides valuable insights
through feature importance analysis.

2. Support Vector Machine

Support Vector Regression (SVR) is a variant of Support Vector Machine (SVM) applied to
regression tasks. The model aims to find a function f(x) that deviates from the actual target values
Vi, by no more than a predefined margin &, while simultaneously maintaining minimal model
complexity [10]. The prediction function of SVR in its kernelized form is given by.

G = ) (@ = K, x) + b, @
i=1

where:

a;, a; are the Lagrange multipliers obtained during training,
K (x;, x) is the kernel function (e.g., RBF or linear),

b is the bias of the model.

SVR is effective in handling non-linear relationships and maintaining the error margin within a
specified tolerance using the &- insensitive loss function.

3. XGBoost

XGBoost is a tree-based boosting algorithm that builds models in a sequential manner and optimizes
the objective function using gradient descent techniques. The final prediction is an accumulation of
the outputs from each tree f;,, which are added iteratively [23].

k
9i= ) felbc. fieF. ©)
k=1

The objective function used in XGBoost can be expressed as:

L®) = Ty 19 + ko1 Q). )
where:
L is the loss function (typically Mean Squared Error or MSE),

Qfi)= \(Tw%kllwll2 is the regularization function for model complexity,

T is the number of leaves in the tree, and A is the regularization parameter.

2.5 Model Evaluation

Model evaluation plays a vital role in determining the predictive effectiveness of each machine learning
algorithm applied. In this research, three widely adopted regression metrics were employed: Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and the Coefficient of Determination (R?). These metrics
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were chosen because they provide a well-rounded assessment of model accuracy and prediction error in
continuous regression tasks [24], [23].

1. Mean Absolute Error (MAE)

Measures the average absolute difference between the actual and predicted values. This metric assigns
equal weight to all deviations, making it robust against outliers [25].

1 ~
MAE =~ Yi_1lyi — 3, (%)
where y; is the actual value, y; is the predicted value, and n n is the total number of data points.

2. Root Mean Square Error (RMSE)

Measures the average squared error between the actual and predicted values, followed by taking the
square root. RMSE is more sensitive to outliers because it squares the magnitude of the deviations [26].

RMSE = \/% (v — P2 (6)

A lower RMSE value indicates that the model has a generally lower prediction error.
3. R-squared (R?) or Coefficient of Determination

R? indicates the proportion of variance in the target variable that can be explained by the predictive
model. The R? value ranges from 0 to 1, with values closer to 1 indicating that the model performs well in
explaining the variability of the data [27].

non oY) 2
RZ =1— Z;:l(yl 3,’}) -, (7)
Yic i — 9
where ¥, denotes the mean of the actual values. R? can also take negative values if the model performs worse
than a baseline model that simply predicts the mean of the target variable.

2.6 Hyperparameter Tuning

To ensure robustness and prevent overfitting during tuning, a 5-fold cross-validation strategy was used
for each model. The dataset was randomly divided into five equal subsets, ensuring proportional
representation of regional and climatic variations. In each iteration, four folds were used for training, and one
for validation, with the folds rotated so that each subset served once as the validation fold. This procedure
provided a reliable estimate of model generalization and prevented the model from being overly optimized
to a specific data partition. The integration of cross-validation within the Grid Search and Randomized Search
frameworks enabled systematic evaluation of multiple parameter combinations—such as the number of
estimators, tree depth, learning rate, and kernel parameters—under consistent conditions. To confirm the
stability of the optimization results, all experiments were repeated using three different random seeds.
Consistent performance across folds indicated that the tuning process was stable and that the final
configuration achieved a good balance between model complexity and predictive reliability [26], [28].

2.7 Model Comparison

The Model Comparison phase is intended to assess and compare the performance of machine learning
models, both before and after hyperparameter tuning. This evaluation relies on three key regression metrics:
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the Coefficient of Determination (R?)
to measure the accuracy and robustness of maize yield predictions. Before tuning, the Random Forest model
showed strong baseline results, with low MAE and RMSE values and an R? score approaching 1. After tuning,
however, XGBoost demonstrated the greatest improvement, especially in minimizing prediction errors and
increasing the model’s ability to explain data variance. On the other hand, SVR, while relatively stable, tended
to produce higher error rates when applied to complex agricultural datasets such as corn yields, unless
optimized with well-adjusted parameter settings [29].
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3. RESULTS AND DISCUSSION

3.1 Dataset

The dataset used in this study was obtained from Statistics Indonesia (Badan Pusat Statistik - BPS) and
covers corn-related data from 2020 to 2024 across 34 provinces in Indonesia. The primary variables include
harvested area, yield (productivity), and total corn production. To enhance the model's predictive capabilities,
the dataset was enriched with additional variables, including rainfall, average temperature, Normalized
Difference Vegetation Index (NDVI), seed type, irrigation type, fertilizer quantity, and corn price. All
variables underwent a thorough preprocessing and normalization procedure [27]. The final dataset consists
of 191 multivariate observations, structured to be compatible with the ensemble machine learning models

developed in this research.

3.2 Exploratory Data Analys (EDA)

The Exploratory Data Analysis (EDA) was conducted to gain insights into the distributions, patterns,
and interrelationships among the variables used in the corn yield prediction model. The EDA results showed
that the harvested area exhibited a strong positive correlation with corn production, suggesting that a larger
cultivated area generally yields higher potential yields. Meanwhile, the productivity variable (quintals per
hectare) also showed a linear relationship with production, though in some cases it was influenced by
additional factors, such as fertilizer use and irrigation type. The distributions of NDVI and rainfall values
displayed significant variability across provinces, reflecting the diverse agroclimatic conditions that could
affect prediction accuracy if not adequately addressed. Furthermore, variables such as corn price and seed
type indicated socio-economic influences that may affect agricultural inputs and outputs. The findings from
the EDA phase served as a foundation for feature selection and model tuning in subsequent stages of the

study.
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Fig. 2 presents a scatter matrix illustrating the relationships among key numerical variables: Production
(tons), NDVI, Rainfall (mm), and Fertilizer Amount (kg/ha). The histograms along the diagonal indicate that
the distribution of production is highly right-skewed, suggesting the presence of outliers, whereas the other
variables exhibit relatively normal distributions. The scatter plots between variables reveal a lack of strong
linear relationships, particularly between Production and NDVI, Rainfall, and Fertilizer Use. These patterns
suggest that a simple linear regression model is insufficient to accurately capture the underlying relationships
among the features. Therefore, nonlinear regression techniques such as Random Forest, Support Vector
Regression (SVR), or XGBoost are deemed more appropriate for modeling the complex interactions among
variables and improving predictive performance.

Correlation Heatmap of Numerical Features
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Figure 3. Correlation Heatmap Shows the Overall Relationship Between Numeric Features

Fig. 3 presents a correlation heatmap of the interrelationships among numerical features in the corn
yield prediction dataset. In general, the observed Pearson correlation coefficients are relatively low, with
most values approaching zero, indicating weak linear associations among the variables. However, moderate
positive correlations are observed between Harvested Area and Production (» = 0.20), which is logically
consistent given that total production is directly influenced by both cultivated land area and crop productivity.
Environmental features such as Rainfall, NDVI, and Fertilizer Amount exhibit weak correlations with
Production, suggesting that their relationships with the target variable are likely non-linear and complex.
These findings reinforce the justification for employing non-linear predictive models rather than linear
regression, to more accurately capture the intricate interactions among variables in the agricultural domain.

To understand the regional contributions to national corn production, data from the period 2020 to
2024 were aggregated by province. The results are presented in Fig. 4, which displays the top ten provinces
with the highest total corn production during this period. This visualization provides a comparative overview
of the primary production centers, serving as a reference for resource distribution planning, agricultural policy
formulation, and spatial validation of the predictive model. The dominance of several provinces, particularly
East Java and Central Java, indicates a significant concentration of production, highlighting these areas as
strategic zones in achieving the national corn self-sufficiency targets.
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3.3 Preprocessing

The preprocessing stage was conducted to ensure that the dataset used for model training was clean,
consistent, and compatible with machine learning algorithms. This process involved several critical steps,
beginning with the integration of multi-year data (2020-2024) obtained from the Indonesian Central Bureau
of Statistics (BPS), along with the enrichment of external predictive variables such as rainfall, average
temperature, NDVI, and corn prices. Subsequently, data type handling was performed, whereby all
categorical variables such as seed type and irrigation method—were transformed into numerical format using
label encoding, enabling their recognition by the models. Missing values were identified and addressed
through simple imputation (mean/mode) or eliminated if deemed statistically insignificant. To ensure
consistency across features, normalization and rescaling were applied to numerical variables, including
rainfall, NDVI, temperature, fertilizer quantity, and market prices, using the Min-Max Scaling method. This
step was particularly essential for models sensitive to data scale, such as Support Vector Regression (SVR).
Finally, the entire dataset was systematically randomized to eliminate temporal ordering bias and was split
into training and testing sets in an 80:20 ratio. This preprocessing phase served as the foundational backbone
for constructing the SMART-JAGUNG prediction system based on ensemble machine learning, aiming to
deliver accurate and sustainable yield estimations for national corn production. Table | presents the
preprocessed corn production dataset spanning 2020-2024.

Table 1. Corn Production Dataset 2020-2024

Average

Produc- . . Fertilizer Lo Maize
Province l:t:;e(s;z()i tivity Pr(():::lcst)lon Year R(z:::;rf:;“ Trf::lgz- NDVI Seed Type Amount Ir]}gat;on Price
(qu/ha) ¢0) (kg/ha) P (Rp/kg)
Aceh 11581.2 55.22 63590.8 2020 1201.27 31.03 0.4776 Hybrid 359.74 Pump Well 4604.18
North 135334.39 57.87 783162.62 2020 1971.03 25.91 0.4149 Hybrid 277.51 Technical Irr. 4778.98
Sumatera
West 65756.37 64.44 425052.38 2020 1852.36 26.07 0.7095 Transgenic 362.99 Rainfed 3784.20
Sumatera
Riau 138.92 34.03 472.78 2020 1570.77 29.89 0.3506 Hybrid 345.35 Technical Irr. 4187.38
Jambi 1111.0 68.45 7604.47 2020 2496.39 31.68 0.7611 Hybrid 243.09 Pump Well 3844.34
South 35073.83 60.37 211735.52 2020 1775.59 23.53 0.5963 Transgenic 142.18 Technical Irr. 4958.07
Sumatera
Bengkulu 4145.68 56.48 23415.58 2020 2092.04 27.78 0.6500 Hybrid 226.13 Technical Irr. 5462.37
Lampung 156654.98 62.47 977197.39 2020 1021.22 26.24 0.8556 Local 326.15 Rainfed 4569.53
Bangka 28.73 44.09 126.66 2020 2089.29 26.45 0.8971 Local 300.46 Rainfed 4374.05
Belitung Isl.
Riau Islands 2.75 55.4 15.22 2020 1148.65 30.50 0.8844 Hybrid 218.29 Technical Irr. 5478.96
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3.4 Model Training and Testing

The SMART-JAGUNG prediction model was trained using an ensemble machine learning approach
that integrates three well-established regression algorithms: Random Forest (RF), Support Vector Regression
(SVR), and eXtreme Gradient Boosting (XGBoost). The selection of these models was based on their proven
performance in capturing nonlinear patterns and handling complex relationships among predictor variables
in multivariate agricultural data, specifically for corn yield prediction. After comprehensive preprocessing,
the dataset was randomly split into 80% for training and 20% for testing to ensure proper model
generalization. The training process employed supervised regression, in which the models were trained to
predict corn production (in tons) based on a range of input features, including harvested area, productivity,
rainfall, NDVI, fertilizer quantity, and other agronomic and environmental factors.
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Figure 5. Corn Harvest Prediction Comparison

Fig. 5 above presents a comparison of the regression model predictions with the actual corn production
data. The blue curve represents the actual values, while the dashed lines illustrate the predictions from the
three models: Random Forest (RF), Support Vector Regression (SVR), and XGBoost (XGB). Overall, all
three models can capture the fluctuations in the actual data well, particularly in moderate value ranges.
However, notable deviations are observed at several extreme points, especially at the production peaks, where
the SVR model appears to struggle to capture the spikes. XGBoost demonstrates the most consistent
predictive performance, closely aligning with the actual data, indicating its effectiveness in handling
nonlinear patterns and complex variable interactions. This visualization supports the finding that ensemble
approaches, such as XGBoost, offer better prediction accuracy and stability than individual models.

3.5 Model Evaluation

The model evaluation results presented in Table 2 compare the performance of three regression
algorithms, Random Forest, Support Vector Regression (SVR), and eXtreme Gradient Boosting (XGBoost),
based on three key evaluation metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and
the Coefficient of Determination (R-squared). The Random Forest model demonstrated the best overall
performance, with an MAE of 36,310.53 tons, an RMSE of 95,343.05 tons, and an R? value of 0.9758. This
indicates that the model explains approximately 97.58% of the variance in the target data, reflecting very high
accuracy and precision in predicting corn yields. The XGBoost model, although showing a slightly higher
RMSE than Random Forest, still demonstrated competitive performance with an MAE of 32,916.88 tons and
an R? value 0f 0.9597. Table 2 below presents the detailed results of the model evaluation.

Table 2. Performance Comparison of Regression Models Based on MAE, RMSE, and R-squared Metrics

Model MAE RMSE R-squared
Random Forest 36310.53 95343.05 0.9758
SVR 314742.82 658980.28 -0.1564

XGBoost ] 32916.88 ] 122986.82 ] 0.9597
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This indicates that XGBoost can also capture non-linear and complex patterns among features, though
with a slight decline in performance when predicting extreme values. In contrast, the SVR model performed
significantly worse than the other two models, with an MAE of 314,742.82 tons, an RMSE of 658,980.28
tons, and an R? of —0.1564. The negative R? suggests that the SVR model failed to explain the data's variance
and performed worse than a simple baseline model using the mean as a predictor. Overall, these evaluation
results reaffirm that ensemble learning approaches such as Random Forests and XGBoosts possess superior
capabilities for handling nonlinear, complex, and multivariate agricultural data. They are also more reliable
in producing accurate predictions to support decision-making systems in the agricultural sector. To further
validate the robustness of these findings, a statistical significance analysis was performed. A paired t-test was
applied to the Mean Absolute Error (MAE) values obtained from 5-fold cross-validation for each pair of
models (Random Forest vs. XGBoost, Random Forest vs. SVR, and XGBoost vs. SVR). The results showed
that the performance differences between Random Forest and the other models were statistically significant
at the p < 0.05 level, confirming that Random Forest’s superior accuracy is not due to random variation. In
addition, 95% confidence intervals (Cls) were computed for both MAE and RMSE values to evaluate the
reliability of the results. The narrow Cls (+2.8% for MAE and +3.1% for RMSE) indicate stable and
consistent predictive performance across cross-validation folds. These statistical analyses reinforce that the
ensemble-based approaches, particularly Random Forest and XGBoost, demonstrate genuine and statistically
significant advantages in modeling nonlinear and complex relationships for maize yield prediction.

3.6 Hyperparameter Tuning

The results of hyperparameter tuning using the GridSearchCV approach indicate that the Random
Forest model demonstrated the best predictive performance compared to the other two models. This model
achieved a Mean Absolute Error (MAE) of 36,310.53, a Root Mean Squared Error (RMSE) of 95,343.05,
and a coefficient of determination (R?) of 0.9758. These metrics suggest that the Random Forest model is
capable of explaining over 97% of the variance in maize yield data while maintaining relatively low
prediction error. he optimal parameters for this model were max_depth=None, min_samples_split=2, and
n_estimators=100, indicating that the model performed best without an explicit restriction on tree depth.
Meanwhile, the XGBoost model also exhibited competitive performance, with an MAE of 41,708.36, an
RMSE of 120,177.30, and an R? of 0.9615. Although its prediction error was slightly higher than that of the
Random Forest model, XGBoost still managed to explain approximately 96% of the data variance. The
optimal parameters for XGBoost were learning_rate=0.1, max_depth=3, and n_estimators=200, reflecting a
conservative training approach to mitigate overfitting. In contrast, the Support Vector Regression (SVR)
model yielded the poorest performance, with an MAE of 314,762.31, RMSE of 658,838.40, and a negative
R? value of —0.1559. The negative R? explicitly indicates that the model failed to capture the relationship
between features and the target variable, performing even worse than a simple mean-based baseline model.
The best configuration for SVR was C=100, gamma='scale', and kernel="rbf, yet this setup was insufficient
to effectively model the complex and nonlinear patterns present in the agricultural dataset. Table 3 presents
the evaluation result and the best parameters of the regression model.

Table 3. Evaluation Results and Best Parameters of Regression Model

Model Best Params MAE RMSE R-squared (R?)
Random Forest {'max_depth': None, 'min_samples_split': 36,310.53 95,343.05 0.9758
2, 'n_estimators': 100}
Support Vector {'C": 100, 'gamma': 'scale', 'kernel": 'tbf'} 314,762.31  658,838.40 -0.1559
Regression
XGBoost {'learning_rate": 0.1, 'max_depth": 3, 41,708.36  120,177.30 0.9615

'n_estimators': 200}

Overall, the tuning results reaffirm that ensemble learning-based models, particularly Random Forest
and XGBoost, demonstrate superior capabilities in handling the complexity of multivariate agricultural data
and are more reliable in providing accurate yield estimates for maize production. The systematic approach to
hyperparameter tuning proved essential for optimizing each model's performance.

3.7 Model Comparison

The comparison of model performance was conducted to assess the effectiveness of each algorithm in
predicting maize production based on agronomic, agro-climatic, and socio-economic variables. The three
models compared were Random Forest (RF), Support Vector Regression (SVR), and XGBoost, all of which
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had undergone prior hyperparameter tuning. The evaluation was carried out using three key metrics: Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and R-squared (R?). Table 4 presents the results
of the model evaluation before and after hyperparameter tuning.

Table 4. Model Evaluation Results Before and After Tuning

Model MAE RMSE R-squared
Random Forest 36310.53 95343.05 0.9758
SVR 314742.82 658980.28 -0.1564
XGBoost 32916.88 122986.82 0.9597
Random Forest Tuned 40302.72 107802.26 0.9690
SVR Tuned 314739.01 658972.65 -0.1563
XGBoost Tuned 35730.72 12373291 0.9592

The performance trends observed in this study are consistent with previous research, which found that
ensemble-based models are superior for crop yield prediction. Similar to the results of [30] and [3 1], Random
Forest exhibited the highest predictive accuracy due to its ability to model nonlinear interactions and reduce
overfitting through bootstrap aggregation. This ensemble structure allows Random Forest to capture complex
agro-climatic relationships among rainfall, temperature, NDVI, and soil features, which are often missed by
single regression models. The slightly lower performance of XGBoost compared to Random Forest aligns
with studies by [32], which reported that gradient boosting algorithms, while efficient in handling large-scale
data, can exhibit marginal instability in smaller datasets due to their sensitivity to learning-rate and tree-depth
parameters. Conversely, the weak results of SVR corroborate those of [33], who found that kernel-based
models tend to underperform when faced with high-dimensional, noisy, and nonlinear agricultural data,
especially under limited sample sizes. Overall, these comparative results underscore that ensemble learning
approaches, particularly Random Forest, are better suited for capturing the inherent complexity and
heterogeneity of maize yield data in Indonesia, supporting their potential integration into national agricultural
decision-support systems.

The tuning process offered limited benefits in this case, particularly for ensemble models such as
Random Forest and XGBoost, which had already demonstrated strong performance from the outset. This
highlights the importance of proper model selection before tuning, as well as the need for comprehensive
post-tuning evaluations to avoid the assumption that hyperparameter tuning will always lead to improved
performance. Fig. 6 presents a comparison of predicted and actual maize production.
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Figure 6. Predicted vs Actual Corn Production

Fig. 6 above illustrates the relationship between actual maize production and the model’s predicted
outputs, with the red line y = x serving as a reference for perfect prediction. Most data points lie close to the
line, indicating accurate predictions. However, there are noticeable deviations at several points with high
production volumes (above 1.5 million tons), suggesting prediction errors. Overall, the model demonstrates
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strong performance with evaluation metrics as follows: MAE = 36,310.53, RMSE = 95,343.05, and R*=
0.9758, indicating that the model explains approximately 97.6% of the variance in actual production data
with a low error rate. Subsequently, Fig. 7 presents the residual distribution plot between actual and predicted
values.
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Figure 7. Residual Distribution (Actual — Predicted)

The larger deviations at high production values can be explained by the limited representation of
extreme yield observations within the dataset. Since the majority of samples fall within low-to-moderate yield
ranges, the model has fewer examples from which to learn the complex interactions that drive exceptionally
high production outcomes. These regions are often influenced by localized factors such as irrigation
efficiency, soil nutrient availability, and management intensity—variables that may not be fully captured in
the current feature set. Consequently, the model tends to underestimate yields when encountering values
outside its learned distribution. To mitigate this, future improvements should focus on expanding the dataset
to include more high-yield samples, incorporating additional predictive variables (e.g., soil chemical
composition, pest management records, or remote-sensing features with finer temporal resolution), and
applying resampling techniques such as Synthetic Minority Over-sampling (SMOTE for regression) or
stratified cross-validation. Such strategies would improve model generalization and reduce the prediction
bias toward extreme production levels.

4. CONCLUSION

This study successfully developed a maize yield prediction system utilizing an ensemble machine
learning approach comprising Random Forest, Support Vector Regression (SVR), and XGBoost. The
Random Forest model achieved the best performance with an MAE of 36,310.53, RMSE of 95,343.05, and
R? 0f 0.9758, indicating a strong ability to capture yield variability, while XGBoost also showed competitive
results, and SVR underperformed. After hyperparameter tuning using GridSearchCV, a slight performance
degradation was observed in both Random Forest and XGBoost, suggesting that default parameters can
sometimes already be optimal for the dataset. The overall findings confirm that ensemble learning provides
reliable and accurate predictions for maize yield forecasting. Moreover, by integrating multi-year statistical
and environmental datasets within a unified predictive framework, this study contributes to the limited body
of research on Al-based agricultural forecasting in developing countries and demonstrates the feasibility of
using machine learning for national-scale food security planning. However, limitations remain due to the
small dataset size and the absence of variables such as soil nutrient levels, pest control, and irrigation
practices, which may affect generalization. Future research should expand datasets with remote sensing and
agro-meteorological data and explore hybrid deep learning—ensemble architectures to enhance model
robustness and predictive reliability.
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