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Abstract

Food security remains a critical challenge in Indonesia, where rice serves as the primary staple and
demand continues to rise with population growth. Fluctuations in paddy production pose significant
risks to supply stability, highlighting the need for accurate and reliable forecasting models. This study
presents a comparative evaluation of Random Forest and Support Vector Regression (SVR) for paddy
production prediction using national-level production data aggregated from provincial statistics in
Indonesia, incorporating Grid Search and Random Search to optimize model performance.
Experimental results demonstrate that SVR optimized with Random Search achieves superior predictive
accuracy, yielding an RMSE of 27,478.58 and a MAPE of 0.05%, indicating both low absolute and
relative errors. This performance suggests that SVR is more effective in modeling the non-linear and
continuous dynamics inherent in paddy production data. Furthermore, Random Search consistently
outperforms Grid Search, reflecting its ability to efficiently explore complex hyperparameter spaces.
These findings underscore the critical role of both model selection and optimization strategy in
improving forecasting reliability. The proposed approach provides a robust framework for data-driven
agricultural planning and offers practical value for policymakers in managing food supply, reducing
uncertainty, and enhancing national food security.

Keywords: paddy production prediction, SVR, random forest, hyperparameter optimization, random
search

1. INTRODUCTION

Food is a basic human need that must be fulfilled by everyone [1]. Ensuring food availability is
essential to maintain social security, political stability, and national resilience [2]. Therefore,
governments continuously strive to guarantee adequate food supply so that people can meet their daily
needs [3]. In Indonesia, food plays a particularly critical role in household expenditure, accounting for
the largest proportion of total spending [4]. Recent data from Badan Pusat Statistik indicate that food
expenditure consistently represents approximately 56—58% of total household expenditure, highlighting
the dominant role of food consumption in the economic structure and emphasizing the importance of
strengthening food security and agribusiness development as key priorities in agricultural and regional
policies [5]. Consequently, improving food security and developing agribusiness remain essential
components of national agricultural development strategies [6].

Paddy is the most important food commodity in Indonesia, as it is consumed by the majority of
the population [7]. National paddy consumption continues to increase in line with population growth
[1]. However, fluctuations in paddy production can pose significant risks to food availability and supply
stability. Inaccurate estimation of production levels may lead to supply shortages, price instability, and
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ineffective policy interventions. Therefore, the development of accurate paddy production prediction
systems is essential to support strategic decision-making and improve agricultural planning.

In this context, machine learning models have emerged as effective approaches for predicting
agricultural production due to their ability to capture complex and non-linear relationships. Several
commonly used models include Decision Tree, Random Forest, Support Vector Regression (SVR), K-
Nearest Neighbors (KNN), and Naive Bayes. This study focuses on comparing two widely used models,
namely Random Forest and SVR, in predicting paddy production. Random Forest is known for its
capability to handle complex data structures and reduce overfitting [8], while SVR is effective in
modeling both small and large datasets with strong generalization performance [9].

Several previous studies have demonstrated the effectiveness of Random Forest (RF) and SVR
models in prediction tasks. Researcher [10] applied Random Forest Regression (RFR) to forecast
parameters in E-jet printing and achieved low error rates, indicating high prediction accuracy. Similarly,
researcher [11] showed that RF outperforms logistic regression and ultrasound methods in predicting
macrosomia, achieving high sensitivity and specificity. In addition, researcher [12] applied a
hierarchical Random Forest-based approach to predict cardiovascular disease with high accuracy.

In contrast, researcher [9] demonstrated that Support Vector Regression (SVR) provides accurate
predictions in laser tube bending processes, achieving low error values and high determination
coefficients. Furthermore, researcher [13] applied SVR to predict instant noodle demand and reported
improved performance compared to baseline models. Researcher [14] also compared SVR with ANFIS
in predicting the performance of aerobic granular sludge reactors and found that SVR achieved
significantly better accuracy. Although previous studies have shown that both Random Forest and SVR
are capable of producing accurate predictions, most existing research focuses on individual model
performance without systematically evaluating the impact of different hyperparameter optimization
strategies. In particular, the comparison between Grid Search and Random Search in improving model
performance for paddy production prediction remains limited.

Therefore, this study aims to compare the performance of Random Forest and Support Vector
Regression models in predicting paddy production by incorporating two optimization techniques,
namely Grid Search and Random Search. The contribution of this study lies in providing a systematic
evaluation of model performance under different optimization strategies, as well as offering practical
insights for selecting appropriate predictive models in agricultural applications. The results are expected
to support more accurate decision-making and contribute to improving paddy production and food
security in Indonesia.

2. LITERATURE REVIEW

2.1 OSEMN

This study applies the OSEMN method, which is an approach in data science. OSEMN consists
of a series of sequential steps, including data collection (Obtain), data cleansing (Scrub), data
exploration (Explore), model building (Model), and result interpretation (iNterpret) [15]. Figure 1 below
shows the stages of OSEMN.
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Figure 1. OSEMN Methods

a. Obtain
The first stage in the OSEMN process is "Obtaining Data", which refers to the initial step of
collecting all the data relevant to the set goal or target. This can be done using various sources such
as databases, APIs, or web scraping [16].

b. Scrub
Scrub in the OSEMN method refers to data cleaning and preprocessing steps to ensure that the data
is appropriate and ready for analysis. This involves removing duplicates, handling missing values,
and adjusting the format of the data to make it usable. This scrub process is very important as it helps
to ensure that the quality of the data is maintained high and any errors or inconsistencies are corrected
before analysis [16].

c. Explore
Data exploration is the process of investigating data before moving to Machine Learning (ML)
modeling [16]. This stage involves a comprehensive examination of the data, focusing on all its
characteristics. This process is known as Exploratory Data Analysis (EDA), where we analyze data
cleanliness, readiness for modeling, and the types of features that need to be investigated using
statistical methods [16].

d. Model
After completing the previous three steps in the OSEMN process, the next step is the data modeling
stage. At this stage, the main goal is to create a model that can accurately predict the results by
utilizing unique patterns and trends in the data. In this study, two types of models, namely Random
Forest and SVR, were used to forecast paddy production.

e. Interpret
Data interpretation is the final step in the OSEMN method. Interpretation refers to the presentation
of data to answer business questions and provide insights that can be implemented through data
science [16]. The process of interpreting data in Random Forest and SVR models involves comparing
the performance evaluation results of these two models to determine the more accurate one.

2.2 Random Forest

Random Forest (RF) or random decision forests are ensemble learning methods for classification,
regression, and other tasks. Random Forest operates by building multiple decision trees at different
training times, and outputting a class that represents the classification or regression mode of each tree.
The Random Forest algorithm incorporates the established classification and regression trees (CARTS)
technique. Each CART is constructed using a random subset of the features.
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Conceptual Model of Random Forest for Regression

An ensemble of decision trees whose predictions are averaged to produce
a continuous output.
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Figure 2. Random Forest Regression (RFR)

For a Random Forest classifier model, the main parameters are the number of decision trees and
the number of features used at each node as the tree grows. During model training, the number of
decision trees is determined in advance. More trees are generally better, but take longer to calculate. A
lower number of features leads to a greater reduction in variance. The number of features can be defined
using the empirical formula Ny = VM, where M denotes the total number of features [17]. Random
Forest can be applied to both classification and regression problems, depending on the type of tree used
whether it is a classification or regression tree. Assuming that the model consists of T regression trees
to perform regression prediction (Figure 2), the final result of the Random Forest regression model is as
follows [17]:

T
1
HE) = 5= ) k() ()
i=1

In this case, T is the number of regression trees, and h;(x) is the output of the i-th regression tree on
sample x. Thus, the prediction of Random Forest is the average value of all the tree predictions.

2.3 Support Vector Regression (SVR)

Support Vector Regression (SVR) is a concept derived from machine learning theory, which was
previously used to solve classification problems with Support Vector Machine (SVM). In a simpler
context, SVM is used to categorize data, while SVR is used to make numerical predictions or regressions
(Figure 3). The main goal of SVR is to find a function that fits the input data with the minimum amount
of error possible [18]. In other words, SVR aims to provide highly accurate predictions with the smallest
possible error rate when analyzing regression data. The regression function of the SVR model can be
written as follows [19].

fx) =woex) + b 2)
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Description:

w : Weight vector

@(x)  :Function that maps x in a dimension
b : Bias

Conceptual Model of Support Vector Regression (SVR)

SVR is a regression technique that finds a function f(x) that deviates from the actual targets y
by no more than £, while keeping the model as flat as possible.
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Figure 3. Support Vector Regression (SVR)

In handling non-linear problems using the SVR algorithm, we use a function called Kernel. Kernel

in data mining is an inner product function that operates in the feature space [20]. Its function is to allow
solving complex problems in higher dimensions without having to directly calculate detailed mappings.
Several types of Kernel functions are commonly used, namely [19]:

a. Radial Basic Function (RBF) Kernel

The Radial Basis Function (RBF) kernel is widely chosen because of its ability to understand
complex relationships in non-linear data. This kernel is suitable for irregular data and is well known
for its prediction accuracy in applications such as exchange rate prediction [21], carbon price [22],
and cantilever retaining wall stability [23]. RBF kernels are very effective in capturing non-linear
patterns and have shown high prediction accuracy in various studies, even reaching 95.94% accuracy
in exchange rate prediction [21].

K(x;, %) = exp(—y(x;,xj)%) 3)
Here, y is a free parameter that determines how much influence two points have on each other. RBF
expands towards infinite dimensions as it undergoes rapid exponential growth [21].
Linear Kernel
Linear kernels are the most basic among all types of kernels. In its use, there is no technical projection
of data to higher dimensions. This kernel only involves the product of x and y with a constant value
¢, without the addition of new dimensions. The advantage of the Linear Kernel is that it is very simple
and has a constant parameter ¢ as the only component [21].
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K(xi,xj) = XjXj + ¢ 4)

¢. Polynomial Kernel
Unlike the Linear Kernel, the polynomial Kernel involves multiplying the results of the
representation in a higher dimensional space. The polynomial kernel formula can be expressed as

K(xi, %)) = (ax;,X; )4 ()

where there are three parameters: , ¢, and d. The most common degree (d) used is 2 as larger degrees
can lead to overfitting [21].

d. Sigmoid Kernel
The sigmoid kernel is used to capture non-Linear relationships and is suitable for data with non-
Linear patterns. This kernel has been used in SVR for applications such as stock price prediction
[24].

K(x,%;) = tanh(y(xj, %) + 0) (6)

Here, y is the slope and @ is the intercept constant [24].

2.4 Hyper-Parameter Tuning
Hyperparameter tuning is the process of selecting optimal values for hyperparameters of machine
learning algorithms to improve their performance. Hyperparameters are parameters that are not learned
from the data, but rather are set by the user before training the model. Hyperparameter tuning is very
important because it can significantly affect the model's ability to generalize and make accurate
predictions. The goal of hyperparameter tuning is to find the best combination of hyperparameter values
that maximizes model performance on the validation set. There are three methods in hyperparameter
tuning [25]:
a. Grid Search
Grid Search is a method of determining the combination of models and hyperparameters by testing
one model combination at a time and validating each combination [26]. In the process, Grid Search
tries all possible combinations of hyperparameter values. This method can take a long time,
especially for models with many hyperparameters [25].
b. Random Search
Random Search is a method similar to Grid Search, but the hyperparameter values are chosen
randomly. This method is faster than Grid Search, but the results obtained may not be optimal. This
method can be effective if the search space is large, but it does not guarantee that the optimal
hyperparameter value will be found [25].
c¢. Bayesian optimization
Bayesian optimization is another method that uses probabilistic models to guide the search for
optimal hyperparameters. This method balances exploration and exploitation to efficiently find the
best configuration [25].

2.5 Model Evaluation

Evaluation is conducted using metrics such as Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) to measure
how well these models predict production values in the test data [9],[27],[28], .
a. Mean Absolute Error (MAE)

1 n
MAE =~ 17— 1)
n i=1
b. Mean Square Error (MSE)
1 n ~
MSE=2" (% =7 (8)
n i=1

¢. Mean Absolute Percentage Error (MAPE)
100% zn | Y, - Y,
i=1

MAPE =
Y;

I €
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d. Root Mean Squared Error (RMSE)

n Y: _?, 2
RMSE = E u (10)
i=1 n

3. RESEARCH METHOD

At this stage (Figure 4), the main goal is to create a model that can accurately predict the results
by utilizing unique patterns and trends in the data. In this study, two types of models, namely Random
Forest and SVR, were used to forecast paddy production. This process is done with the help of R Studio
software and installing additional packages such as Random Forest and e1071. The Random Forest and

SVR modeling process can be described as follows.
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Figure 4. Research Method
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3.1 Data Partitioning

In this study, paddy production data from 1993 to 2022 were collected from the official website
of Badan Pusat Statistik (BPS) Indonesia (https://www.bps.go.id) in Excel (.xIsx) format. The dataset
consists of provincial-level observations, which were subsequently aggregated to obtain national-level
production values for each year, ensuring consistency with the modeling objective. The aggregated
dataset was then partitioned into training and testing sets using the createDataPartition() function from
the caret package in R. A 70:30 split ratio was applied, where 70% of the data were used for model
training and 30% for testing. This proportion is commonly adopted in machine learning to balance model
learning and evaluation, allowing sufficient data for training while maintaining an independent test set
to assess model generalization performance [14].

3.2 Training Model Building

At this stage, two machine learning models, namely SVR and Random Forest, are formed using
the training data. The SVR model is formed using the svm function from package e1071. and the Kernels
used are RBF and Linear. While the random forest model is formed using the Random Forest package.

3.3 Hyperparameter Tuning

In this step, the hyperparameters of the model will be optimized using Grid Search and Random
Search techniques. Hyperparameters are parameters that can be adjusted to improve model performance.
The hyperparameter to be optimized for the Random Forest model is mtry. In the SVR model, the
hyperparameters to be optimized for the RBF Kernel are sigma and cost (C), while the Linear Kernel
will optimize the cost (C) value hyperparameter.

3.4 Validation of Optimization Results

At this stage, the hyperparameter optimization results are validated to determine the best
hyperparameter value. Then, the best hyperparameter value is used to build Random Forest models and
SVR models in predicting paddy production.

3.5 Building Prediction Model
At this stage, the Random Forest model and SVR model are built using the best hyperparameter
values obtained from the previous step.

3.6 Predicting Paddy Production

After the model is built, the next step is to predict the test data using the Random Forest and SVR
models that have been made previously using the predict() function. Then, visualize the prediction
results. This visualization aims to compare the actual production value with the predicted results of the
Random Forest and SVR models.

3.7 Evaluation
At this stage, the prediction results of the model are evaluated to determine its performance.
Evaluation is done using various metrics, such as MAE, MSE, RMSE, and MAPE.

4. RESULTS AND DISCUSSION

The dataset used in this study consists of paddy production data obtained from the official website
of Badan Pusat Statistik (BPS) Indonesia (https://www.bps.go.id), covering the period from 1993 to
2022 in Excel (.xIsx) format. The dataset comprises 930 observations with six variables, namely Year,
Province, Commodity Type, Production, Productivity, and Harvested Area. Table 1 presents the
description of the research variables.
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Table 1. Research Data Variables

Variable Example Data
Year 2015
Province West Java
Commodity.Types Paddy
Production 11373144
Productivity 61.22
Harvested.Area 1857612

Prior to modeling, provincial-level data were aggregated to obtain national-level production
values for each year. The dataset was then partitioned into training and testing sets using a 70:30 ratio.
The training set was used for model development and hyperparameter tuning, while the testing set was
used to evaluate model performance. The modeling workflow involves training the model, optimizing
hyperparameters using 10-fold cross-validation, and evaluating the final model on the testing dataset.
All evaluation metrics (MSE, RMSE, MAE, and MAPE) are computed based on the comparison
between predicted and actual production values in the testing data. Although a 70:30 split is applied,
alternative partition strategies (e.g., 80:20) may influence the results and could be explored in future
work.

4.1 Evaluation of the Random Forest Model

The Random Forest model was optimized using both Grid Search and Random Search methods.
For Grid Search, the optimal parameter was obtained at mfry = 2, with the model constructed using 1000
trees. This configuration suggests that a limited number of predictors at each split is sufficient to capture
the underlying structure of the data.

Figure 5 illustrates the relationship between actual and predicted values for the Random Forest
model optimized using Grid Search. The close alignment of data points along the diagonal line indicates
that the model achieves a reasonable level of predictive accuracy in capturing the relationship between
input variables and paddy production.

Comparison of Actual Production and RF Model Prediction

Production Prediction (Tan)
hs
hs

Actual Production (Ton)
Figure 5. RF Predictions vs Actual (Grid Search)
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Table 2 presents the performance evaluation results. The reported MSE values are calculated from
the squared differences between predicted and actual production values in the testing dataset. Due to the
large magnitude of paddy production data, the resulting MSE values appear numerically high. Therefore,
RMSE and MAPE are considered more interpretable measures of model accuracy.

Table 2. Performance of Random Forest (Grid Search)
Method MSE RMSE MAE | MAPE
Grid Search | 11,747,484,893.46 | 108,385.81 | 50,092.75 | 0.08 %

Using Random Search, the model also identified mtry = 2 as the optimal parameter. As shown in
Figure 6, the predicted values are closely distributed around the diagonal line, indicating comparable
performance to the Grid Search approach.

Table 3. Performance of Random Forest (Random Search)

Method MSE RMSE MAE MAPE
Random Search | 11,626,623,757.42 | 107,826.82 | 49,810.99 | 0.08 %

Table 3 shows that Random Search produces slightly lower error values compared to Grid Search.
This improvement indicates that Random Search is more effective in exploring a wider range of
hyperparameter combinations, thereby increasing the likelihood of identifying more optimal parameter
settings.

Comparison of Actual Production and RF Madel Prediction

Production Prediction (Ton)
L
1

Actual Production (Ton)
Figure 6. RF Predictions vs Actual (Random Search)

4.2 Evaluation of the SVR Model

The SVR model was optimized using both Grid Search and Random Search approaches. Grid
Search identified the optimal parameters at sigma = 0.2 and C = 10, which provide a balanced trade-off
between model complexity and generalization capability.

Figure 7 shows the relationship between actual and predicted values for the SVR model optimized
using Grid Search. The majority of data points lie close to the diagonal line, indicating strong predictive
performance.
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Comparison of Actual and Predicted Production of SWR Model

Production Prediction (Ton)
bl
n

Actual Preduction (Ten)
Figure 7. SVR Predictions vs Actual (Grid Search)

Table 4 summarizes the evaluation results, showing relatively low error values compared to the
Random Forest model.

Table 4. Performance of SVR (Grid Search)
Method MSE RMSE MAE | MAPE
Grid Search | 832,253,877.15 | 28,848.81 | 3,723.42 | 0.09 %

Using Random Search, the optimal parameters were identified as sigma = 0.145 and C = 65.30.
The larger value of C indicates a more flexible model that allows smaller training errors, which can
improve predictive accuracy for complex and non-linear relationships.

As illustrated in Figure 8, the SVR model optimized with Random Search shows a tighter
clustering of data points around the diagonal line compared to Grid Search. Table 5 confirms that
Random Search significantly reduces prediction error across all evaluation metrics.

Comparison of Actual and Predicted Production of SWVR Model

Production Prediction (Ton)
W
A

Actual Production (Ton)

Figure 8. SVR Predictions vs Actual (Random Search)

It should be noted that the scatter-based visualization focuses on the overall relationship between
actual and predicted values rather than the temporal sequence of the data. Therefore, the results are
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interpreted as an assessment of global model performance rather than time-dependent prediction
behavior.

Table 5. Performance of SVR (Random Search)
Method MSE RMSE MAE | MAPE
Random Search | 755,072,528.71 | 27,478.58 | 2,924.59 | 0.05 %

4.3 Comparison of Model Evaluation

Figure 9 presents the overall comparison between Random Forest and SVR models using both
optimization methods. The results show that SVR consistently achieves lower error values than Random
Forest across most evaluation metrics. In particular, SVR optimized using Random Search yields the
best performance, with the lowest RMSE and MAPE values. Although MSE values are substantially
larger in magnitude, this is primarily due to the scale of the production data. Therefore, RMSE and
MAPE provide more meaningful interpretations of prediction accuracy.

The superior performance of Random Search compared to Grid Search can be attributed to its
ability to explore the hyperparameter space more efficiently. Unlike Grid Search, which evaluates a
fixed set of parameter combinations, Random Search samples a broader range of configurations,
increasing the likelihood of identifying near-optimal solutions. Overall, the SVR model optimized with
Random Search demonstrates the best predictive performance, indicating its effectiveness in capturing
complex and non-linear patterns in paddy production data.

A more detailed examination of the results reveals that the performance gap between SVR and
Random Forest is not marginal but substantial across all error metrics. For instance, the RMSE of SVR
is approximately four times lower than that of Random Forest, indicating a significantly smaller
deviation from actual values. Similarly, the MAE values suggest that SVR produces much more stable
predictions with lower absolute errors. This consistent pattern across multiple metrics strengthens the
robustness of the conclusion that SVR is better suited for this prediction task. Moreover, the relatively
small difference between Grid Search and Random Search within each model suggests that model choice
has a greater impact on performance than the optimization strategy itself. This implies that selecting an
appropriate learning algorithm is more critical than exhaustive hyperparameter tuning, particularly when
the underlying data exhibits strong non-linear characteristics.
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Figure 9. Comparison of RF and SVR Performance Across Optimization Methods

5. CONCLUSION

In the comparison of machine learning models for paddy production prediction, the results show
that Support Vector Regression (SVR) outperforms Random Forest across all evaluation metrics. In
particular, SVR optimized using Random Search achieves the lowest error values, with an RMSE of
27,478.58, and MAPE of 0.05%, significantly lower than those of Random Forest. These results indicate
that SVR is more effective in capturing the non-linear and continuous patterns in paddy production data.
The superior performance of Random Search compared to Grid Search is attributed to its ability to
explore the hyperparameter space more efficiently, allowing it to identify better parameter
configurations in complex models.

From a practical perspective, lower prediction errors imply more reliable forecasts, which are
essential for supporting government decisions related to food supply planning, stock management, and
price stability. High prediction errors may lead to inaccurate estimation of production levels, potentially
resulting in inefficient policy interventions and supply imbalances. Therefore, SVR combined with
Random Search provides the most effective approach for paddy production prediction in this study,
highlighting the importance of both model selection and optimization strategy in improving forecasting
accuracy.

6. FUTURE WORKS

Future research can be extended by addressing several limitations of this study. First, the use of
time-aware modeling approaches such as Long Short-Term Memory (LSTM) and Transformer-based
architectures may improve the ability to capture temporal dependencies in paddy production data.
Second, incorporating additional explanatory variables, including climate conditions and socio-
economic factors, could enhance model robustness and predictive performance. Third, more advanced
optimization strategies, such as metaheuristic-based tuning, can be explored to improve hyperparameter
search efficiency in complex models. These improvements are expected to contribute to the development
of'a more accurate and comprehensive paddy production forecasting system for supporting national food
security planning in Indonesia.
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