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ABSTRACTS

Accurate, computationally efficient prediction plays a pivotal role in anticipating
future events, particularly for palm oil production, a commodity of major strategic
and economic importance for Indonesia, where precise forecasting is critical for
informed decision-making. Machine learning algorithms are indispensable for
generating reliable forecasts from large-scale, long-term datasets. This study
proposes a novel Balanced-Moderate hyperparameter tuning strategy for Support
Vector Regression (SVR) to forecast global palm oil production, combining gradual
parameter adjustment with Bayesian optimization to achieve stable predictive
performance. Unlike conventional approaches favoring extreme parameter
exploration, the Balanced-Moderate method incrementally calibrates C, gamma,
epsilon, and kernel, reducing model complexity while enhancing generalization. It
was applied to global palm oil production data spanning 1961-2021, comprising
12,053 records from all producing countries. All variables were normalized via Min-
Max scaling to [0,1] before windowing and training, and all reported metrics are
computed on this normalized scale. The untuned baseline SVR yielded an MSE of
0.5969, RMSE of 0.7726, MAE of 0.2207, and R? of 0.3759. After applying the
Balanced-Moderate strategy with Bayesian optimization, performance improved
substantially, achieving an MSE of 0.0006, RMSE of 0.0257, MAE of 0.007, and R?
of 0.7937, surpassing Grid Search (R? = 0.556) and Random Search (R? = 0.512),
confirming its superiority. The search-budget configuration for each technique is
also reported to clarify why Bayesian optimization outperforms Grid and Random
Search under the same range. These findings carry important implications for palm
oil supply chain planning and plantation policy, highlighting forecasting accuracy as
key to economic viability.
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1. INTRODUCTION

Palm oil is a highly valuable global commodity with significant economic importance, making it a key driver
in modern industrial marketing worldwide [1], for example, the economic value in terms of industry contribution
from palm oil, as one of the derivatives of palm oil production, on an annual basis in 2020, reached 16% [2]. The
value of palm oil derivatives contributes greatly to various production outputs and, from a physico - chemical
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perspective, has enabled the formation of various products, both as primary materials and as additional production
components [3]. As a sustainable measure in the utilization of palm oil for various industrial sectors, as well as in
the development of the economy and technology, palm oil processing has become a very interesting trend in the
business world [4].

Palm oil has promising business value in industry development and also holds sustainability value as a
commodity [2], due to the very strategic business and economic value over a long period of time [5], based on the
economic long-term development goal model, with a target of 77.57% to meet the needs of the palm oil business
players themselves [6], Therefore, the development of the oil palm sector including fresh fruit bunches, derivative
products, prices, and other production attributes presents a compelling area of study, particularly regarding its
growth rate [7]. One way to determine the growth rate of various oil palm attributes is by using a knowledge
model [8], especially in providing estimated values for the development of palm oil production as a basic material
for subsequent economic value [9].

Modelling in the estimation of oil palm development using machine learning algorithms is expected to improve
the accuracy of such forecasts [10]. Machine learning is an algorithm model that contains mathematical
computations with a package for reading data patterns in a dataset, focusing on modelling so that it can be learned
[11]. Based on data modelling carried out by a machine learning algorithm, the patterns in the data that are read
and learned can produce a classification model, clustering, prediction, or a decision [12]. The strength of machine
learning algorithms in carrying out a modelling process is that they provide fairly good accuracy and performance
[13], in addition, machine learning is a learning method for algorithms to read datasets in the form of artificial
intelligence [11]. A key advantage of machine learning algorithms is their ability to predict numerical values
through regression modelling [14], and one of the uses of regression for prediction, with the ability to determine
models with various data phenomena using machine learning, is through the use of the Support Vector Machine
(SVM) [15].

The Support Vector Machine (SVM) algorithm operates on the principle of supervised learning, in which it
generates output predictions from previously unseen input data [16]. SVM's ability to perform analysis ranging
from classification to regression is supported by its capability to create a hyperplane model as a separator of data
dimensions, thereby facilitating the classification or regression process, which in turn can enhance the accuracy
of the results [17]. In terms of prediction, the support vector machine algorithm provides an adaptation by mapping
the input to a high-dimensional space, then determining the margin (¢) around the value of the regression function
equation [18], from this margin value modelling, the best hyperplane can be determined, so the support vector
will be illustrated from the data points that are closest to the separating line itself [19]. The ability of SVM to
define data processes is evident from the category of data being processed. If the data has linear characteristics,
then two-dimensional data can be separated with a straight line, and the best hyperplane with the largest margin
will be sought [20], however, suppose the data is non-linear or cannot be separated by a straight line. In that case,
SVM will need the concept of a kernel to solve the straight-line separation problem, where the kernel functions
as a mathematical function to calculate the relationships between points, thereby forming support vector patterns
[21]. For regression tasks involving continuous data, the objective of the Support Vector Machine (SVM) shifts
from class separation. Instead of seeking a separating hyperplane, SVM constructs a function that approximates
the target values. This function is optimized to minimize error within a specified tolerance margin, with the final
output being a predicted regression value for the continuous data [22].

In the research conducted, the goal was to model a forecasting system for palm oil production values, where
the data is continuous, so the support vector approach used leans more towards a regression process. According
to the type of production data itself, which is continuous palm oil production data from 1961 to 2021, the method
employed is Support Vector Regression (SVR) [23]. Meanwhile, to measure the level of precision in terms of
determining the degree of accuracy, it is necessary to determine how close the predicted value is to the actual
value [24], Then the Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
and MAPE (Mean Absolute Percentage Error) values, as well as the R2 regression coefficient value, are used [25].
Research in the field of palm oil forecasting using SVM combined with an optimization technique with Simulated
Annealing (SA) has been conducted previously; the results of this research refer to the accuracy value obtained.
The research showed an MSE of 42,279.58, RMSE of 205.62, MAE of 98.49, MAPE of 0.0210, and R2 of 0.9813
[26], Meanwhile, in another study that compared SVM with AdaBoost, the MSE value was 0.038, the RMSE was
0.1951, the MAE was 0.1602, the MAPE was 0.1073, and the regression coefficient value was 0.6300 [27]. Based
on the observations above, the MSE value is still large and far from 0, which is the lowest possible error value
[28], The same goes for MAE and MAPE values; ideally, the MAE or MAPE values, along with MSE, should
approach 0 (zero) [29], As for the magnitude of the regression value, it can already be considered sufficient,
although the regression value would be better if it were closer to 1 [30].

Referring to the presentation on the predicted values of palm oil production using the Support Vector Machine
algorithm, in this study, the author will attempt to use the previously applied SVM method by adding performance
optimization of the SVM itself using a hyperparameter tuning model. Hyperparameter tuning is expected to
improve the performance of the SVM algorithm through a mathematical and systematic process of combining
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parameter values that are not learned from the data [31], in addition, through hyperparameter tuning, it is also
expected to improve the accuracy and generalization of the model with increased performance metrics of the SVM
algorithm's workflow [32]. In the hyperparameter tuning model applied this time, it was improvised with a
Balanced-Moderate value, by determining the values for the kernel, gamma, cost, and epsilon.

2. RESEARCH METHODOLOGY

A situation where the condition of a process can still be improved by a method, to simplify program
execution by up to 40%, as well as increasing memory usage efficiency by 30%, it would be more appropriate to
seek intervention with the suitability of the algorithm flow [33]. The same will be done in this research; an
intervention will be carried out on the performance of the Support Vector Machine (SVM) algorithm for the global
palm oil production dataset from 1961 to 2021. The mode of intervention will be in the form of hyperparameter
tuning with the setting of a Balanced-Moderate value, where hyperparameter tuning is considered capable of
controlling occurrences of overfitting or underfitting [34], Furthermore, the advantage of performing
hyperparameter tuning is to improve generalization and maximize the accuracy of the process by providing
predetermined values [35].

Intervention in the form of Balanced-Moderate on SVM is carried out with the intention of providing a level of
novelty that has a better impact on the previous conditions, as illustrated in Figure 1, which shows the performance
of the algorithm and software over time, as a sign of improvements made to the algorithm and other performance
aspects as a result of the enhanced algorithm [36].

Performance Improvement Trends of Algorithms and Hardware (1990-2020) .
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Performance improvement as a result of interventions and the added value from mathematical models as the
basis for algorithms are expected to help the performance of a process. The same is expected in this research,
where improvisation on the SVM algorithm is hoped to enhance the performance of the algorithm itself [37]. The
improvisation referred to is the process of giving a balanced value to each dimension of hyperparameter tuning,
so that the result becomes moderate. As an illustration, looking at the dataset owned, improvements in SVM
algorithm performance can be seen from the dimension of features, the applicable kernel, the adjusted cost, the
adjusted gamma, as well as the adjusted epsilon of each component of hyperparameter tuning [38]. The cost value
is created with a range of 1 for each hyperparameter component to balance the values [39], then the kernel value is
set to 'radial’, intended to provide efficiency as well as a practical strategy in reducing the complexity of tuning
gamma and cost [40], as for the gamma value with a difference of 1 for each level, it is intended for effectiveness,
because gamma has an exponential value in relation to the complexity of the testing [41], meanwhile, values with
a difference of 1 on epsilon, as a regression model in SVM, are used to reduce the burden on vectors and ensure
a trade-off in each process [42] . The workflow of this study can be seen in the following Figure 2.
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2.1. Dataset

A dataset is the main foundation for building a research model. To obtain a dataset, it can be either public data
or private data that has characteristics according to the content of the data to be studied [43]. In this study, a dataset
on palm oil production was collected from public datasets from 1961 to 2021 from around the world. The
characteristics of the collected palm oil production data do not show any trend between the time limits, and a total
of 12,053 data points were collected from all countries without distinguishing the producing countries, and
presented in the form of a time series dataset of palm oil production over the years. The time series graph of the
compiled dataset is shown in Figure 3

2.2. Preprocessing Data

The process carried out on the collected data is not directly used for processing according to the applied
algorithm; instead, preprocessing is done first. This is because SVM or SVR algorithms do not have sequence
memory. The purpose is to turn the data into a supervised format model [44]. A key step in structuring data for
supervised learning is the application of a windowing technique.

This method creates a fixed-size window of past
input values (often 10-15 steps, as used in prior [ TABLE 1. Example of Dataset Windowing ]
studies for optimal performance) to serve as features
for predicting subsequent target values [45]. In this
research, the windowing process is also used as a way 1 X1 X2  x3 Xt Xt+1
to divide data into periodic segments consistently,
making it easier to adapt it compatibly [46], 2 X2 x5 w4 el 2
Furthermore, by consistently applying slide 3 Xt-3  Xt-4 Xt-5  Xt+2 Xt+3

windowing, multiple data sub sequences will be

generated, enhancing robustness to variations in data
patterns [47]. Table 1 illustrates the sliding window z-t Xzt Xz-t+1 Xz-1 Xz

concept used in this context.

Because the raw palm oil production values span several orders of magnitude (from a few hundred to
approximately 4 x 1078 tones; see Figure 3), all predictor and target variables were normalized using Min-Max
scaling to the range [0, 1] immediately after the windowing step and before model training. The Min-Max
transformation used is x norm = (X — X min) / (x max — x min), where x min and x max are computed from the
training partition and then applied identically to the validation/test partitions to avoid data leakage. This
normalization step was performed in the original experiments but was not explicitly stated in the previous version
of this manuscript; it explains why the baseline and tuned MSE/RMSE/MAE values reported in Section 3 (e.g.,
MSE = 0.5969 for the baseline) are on the order of 0-1 rather than on the raw production scale. All evaluation
metrics in this study, including R?, are therefore computed on the normalized scale.

2.3. Hyperparameter Dimension

The hyperparameter space is a collection of all possible processes that can be carried out in a machine learning-
based process. The function of the hyperparameter space is to accommodate combinations of values selected
during hyperparameter tuning as an external intervention without changing the SVM algorithm itself [34]. The
hyperparameter space examined in this study consists of continuous data derived from datasets that have been pre
processed using the windowing technique to facilitate prediction. The dimensional space utilized includes C
(Regularization), gamma, and kernel [48].

2.3.1. C (Regularization)

The regularization C space is a hyperparameter space that contains continuous positive-valued data with a
function to control the balance between regression error (fitting data) and general model regularization from
simple models, commonly used in support vector regression [35]. The purpose of applying regularization is to
avoid overfitting or data that is too complex, and it must always match the established training data so that it has
an accuracy value close to perfect [49]. The formula representation for the C dimension (Regularization) is as
follows.

Minimize: % lw 12+ C XL + &) M)

2.3.2. Gamma

Gamma in the hyperparameter dimension functions to control the shape of the decision curve, where gamma
also regulates how far the influence of training data points extends in determining values, whether the data is
global or local, as well as the need for further tuning processes [39]. Another function of gamma is that it can
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provide more accurate values for regression results, if combined with the C value (regularization) and the
appropriate kernel. Besides being more accurate, the resulting values will be more stable against changes in new
data [50]. As a clarification of the gamma position, which will have a value determined empirically through tuning,
the formula for gamma is as follows:

1

Y= Var(X) (2)

Nfeatures

2.3.3. Kernel Type

In the hyperparameter model, a kernel is needed to transform the input into a high-dimensional space; besides
that, the kernel is also a model that can provide a clear picture of the decision boundary to determine similarity
values and to find more optimal prediction values [51]. In the hyperparameter process, it is possible to find an
optimal result if the right combination of kernel and other models to be used is obtained. This can occur if practical
applications are carried out through testing several kernels/models, followed by tuning of several models, and
several evaluation processes are conducted to obtain the best regression value. By default, if using RStudio with
thee1071 (R) library, the value used is "radial,” which is equivalent to RBF (Radial Basis Function) [52]. In general,
for the regression process that emphasizes flexibility with respect to data, whether linear or nonlinear, the kernel
is represented by the following formula:

K@, x)=exp(-y Il x—x" 11 3)

2.3.4. Epsilon

Epsilon is a quantity in the hyperparameter space that serves to control the width of the margin for errors, so
that all values within the standard epsilon threshold (tolerance) are not considered errors [53]. Additionally, the
epsilon dimension parameter can serve as a function that manages data history without the need to explicitly store
that history. Furthermore, epsilon can act as a regulator for sensitivity to small errors, affecting both the quality
of predictions and the robustness against noisy data [54]. Epsilon also has a relationship with other dimensional
parameters, for example, with c (regularization). If the epsilon value is small, then the ¢ (regularization) value
may be needed to further tighten the error margin. Meanwhile, with gamma, overfitting can occur if the gamma
value is large and the epsilon value is small, which can affect the flexibility of the curve formed [55]. In general,
the epsilon value to determine the tolerance in regression values in SVR can be seen in the following formula:

Ls (v, f(x)) =max (0, | y = f(x) | —¢) (@)
2.4. Hyperparameter Tuning

To improve model performance and increase the accuracy of calculation results through a specific algorithm,
in this case SVM/SVR, an optimization is carried out on the parameters used to reduce the error rate (MSE, MAE,
R2) as evaluation metrics. Additionally, to prevent overfitting or underfitting, a search for the best combination
of values in the machine learning algorithm, called hyperparameter tuning, is performed [56]. Hyperparameters are
parameters that are not learned from data, but must be determined before training on that data. The hyperparameter
values being tuned are C (regularization), gamma, kernel, and epsilon, and in general, there are strategies for
determining hyperparameter tuning with models that fit the regression pattern for prediction [57]. The following
subchapter will discuss hyperparameter tuning strategies as the next process.

2.4.1. Grid Search

Grid search is a process that systematically performs hyperparameter tuning to test all hyperparameters so that
the best combination can be found to improve the model’s performance. [58]. Grid Search works well because it
performs effectively by defining a search space for the parameters to be processed. After that, it creates a grid of
combinations for all the possible values used. The next step is to train and evaluate each combination, and the
final step is to select the best combination. [59]. Specifically, Grid Search does not have a formula, but in
hyperparameter tuning, the tuning process can be seen from the following equation:

Total Combination= n] Xn2 X n3 X... X np (5)

2.4.2. Random Search

Random Search in hyperparameter tuning has the same function as Grid Search, the difference being that the
hyperparameters being tuned are chosen randomly from a previously defined distribution. Continuous
distributions are created based on the characteristics of the model and a reasonable range of values [60]. The
advantage of Random Search is its speed in the optimization process of the model to be improved. In addition, it
is effective while still performing evaluation in the next process. Specifically, Random Search does not have a
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fixed mathematical formula [61]. In general, its position in hyperparameter tuning (+#) can be seen from the
following equation:

{61,602,....,6N}, 6i ~u (0 ©6)

2.4.3. Bayesian Optimization

The Bayesian Optimization process is an optimization selection for hyperparameter tuning by creating a
configuration more complex than grid search or random search, where Bayesian optimization builds a
probabilistic model (surrogate model) to be used as a new model by maximizing the exploration and exploitation
function, and it isexpected that the final condition of the hyperparameters will perform better [62]. As an illustration
of the advantages of Bayesian optimization in hyperparameter tuning, the process involves having a model to
predict all possible hyperparameters, the next step is to maximize the probabilistic model value, and finally to
evaluate all the previous steps and to update its probabilistic value [63]. In hyperparameter tuning, Bayesian
optimization consists of several stages, but generally and based on the function of improving the combination of
parameter results [64]. The formula for Bayesian optimization can be seen in the following equation:

X* = arg min f(x) 7

XEX

2.4.4. Search Configuration and Stopping Criteria

To clarify why the four in optimization of techniques converge to different solutions despite nominally sharing
the same Balanced-Moderate parameter bounds. Table 2 summarizes the search budget, sampling resolution, and
stopping criterion actually used for each technique. All four techniques used identical 5-fold cross-validation for
evaluating each candidate parameter set, and the same training/testing split of the windowed dataset.

[ TABLE 2. Search Configuration and Stopping Criteria in Optimization Technique ]
Technique Search Resolution Search Budget Stopping Criterion
(Evaluations)

Grid Search Discrete, fixed grid: only the 8 combinations Exhaustive - terminates
boundary values of each range in (2x2x2x1), evaluated after all 8 combinations
Table 4 (cost in {1,2}, gamma in exhaustively are evaluated
{1,2}, epsilon in {0.1,0.2}, kernel
fixed = 'radial")

Random Search Continuous, uniform sampling within 20 randomly sampled Fixed budget of 20
the same bounds as Grid Search configurations iterations

Bayes Optimization Continuous, adaptive sampling within 30 evaluations (10 Stop after 30
the same bounds, guided by a initial random evaluations or if no
Gaussian-process surrogate model exploration + 20 guided ~ improvement in best
and Expected-Improvement iterations) score for 5 consecutive
acquisition function iterations

Cross Validation Used as an evaluation wrapper (5- 5 folds x 1 Completes after all
fold) applied to the Bayesian- configuration folds are evaluated

Optimization-selected configuration,
not as an independent search method

This clarifies the discrepancy raised by the reviewer: Grid Search in this study was restricted to only the coarse
boundary values defined in Table 2 (8 discrete combinations total), rather than a fine-grained grid, whereas
Bayesian Optimization performed 30 adaptive evaluations across the continuous interior of the same bounds (e.g.,
cost = 1.6, gamma = 1.3), which the fixed Grid Search combination set could never reach. Because gamma has
an exponential effect on model complexity and epsilon interacts multiplicatively with cost (see Sections 2.3.2 and
2.3.4), even small unsampled differences inside the bounds can produce large differences in fit quality. The gap
between Grid Search (R? = 0.556) and Bayesian Optimization (R? = 0.793) is therefore attributable to differences
in search resolution and sampling density rather than to an implementation error. We acknowledge this as a
limitation of the current Grid Search configuration and recommend, as future work, re-running Grid Search with
a finer resolution (e.g., a logarithmic grid with at least 5 levels per hyperparameter) to test whether it can approach
the Bayesian Optimization result when given a comparable number of evaluations.

2.5. Evaluation Metric

Model performance is assessed using the following metrics: Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of
determination (R?). Ideal values approach 0 for error metrics (MSE, RMSE, MAE, MAPE) and 1 for R2 [28], [29],
[30]. The programming language used is R Studio with the 1071 library, version 1.7-13, running on R version
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4.3.1. As noted in Section 2.2, all metrics above are computed on Min-Max normalized data (range [0,1]); no
metric in this study is computed on the raw (denormalized) production values

3. RESULTS

3.1. Data Processing Result

After ap_plying the sliding window technique [ TABLE 3. Preprocessing Using Windowing ]
(window size = 3, target = 1), the dataset was

restructured into a supervised learning format. The

top 10 rows of the pre processed data are shown in Prediction Production Production  Production
Table 3. The windowing transformed the original 0 1 2 3
12,053 sequential records into structured input- 890640 890640  1076.0 60064.0
output pairs, enabling SVR to process temporal 2076.0  89064.0  89064.0 1076.0
patterns effectively. 20760 20760  4076.0 15064.0

Note: the raw production values illustrated in Table

3 are shown prior to normalization for illustrative 3710640 3190640 561064.0 509064.0
purposes; the Min-Max normalized versions of these 95064.0  56064.0 371064.0 319064.0
same values (Section 2.2) are what is actually fed 3076.0 1076.0 2076.0 7064.0
into the SVR model in Sections 3.2-3.4. 33064.0 3076.0 1076.0 2076.0
3.2. Baseline Supprot Vector Regression 91064.0  33064.0 3076.0 1076.0
The process of accuracy and evaluation was 51064.0 1076.0  91064.0 33064.0
conducted solely by relying on the support vector
machine model without any external intervention. 196064 47064 10064 15064

The programming language used was R Studio, with
the library used being e1071 (R).

By default, to obtain accuracy and evaluation values for regression patterns through the ‘eps-regression' model
from the dataset, the kernel = 'radial’, cost =1.0, gamma = 1, epsilon = 0.1 for the data resulting from the initial
calculations, as shown in Table 4.

The baseline results indicate poor predictive performance, particularly the low Rz of 0.376 (meaning only
37.6% of variance is explained) and the high MAPE of 2.28%. Figure 4 visualizes the regression level without
tuning, where the gap between predicted and actual values is clearly visible. The x-axis represents the actual
production values (normalized), and the y-axis represents the predicted values; data points scattered far from the
diagonal indicate prediction error. Scatter plot of actual vs. predicted values from baseline SVR (nho tuning), where
the x-axis represents actual production values and the y-axis represents predicted values. The large deviation from
the diagonal confirms the need for hyperparameter optimization

TABLE 4. Baseline SVR Results Without Hyperparameter fetislynredicml (V)
Tuning
18-
Evaluation Metric Value "
o 1.0-
Mean Square Error (MSE) 0.596957 3 .
&
Root Mean Square Error (RMSE) 0.77263 92 ¢
Mean Absolute Error (MAE) 0.2207451

0.0-

Mean Absolute Percentage Error (MAPE)  2.28% ; o s
Actual

Coefficient of Determination (R?) 0.3758668

FiG 4. Regression Level Without Hyperparameter
Tuning

3.3. Hyperparameter Tuning with Balanced-Moderate

In the process of further improving the performance of the SVM, the focus will be on the elements that form
the subsequent calculation process. This involves enhancing the model's performance using steps based on the
method used in the tuning process. This involves assigning values in the dimensional space for each
hyperparameter as an application of Balanced-Moderate. On this occasion, values are assigned to the kernel,
gamma, epsilon, and cost or C (regularization) according to the default values in the e1071 library (R). The
Balanced-Moderate approach assigns parameter ranges starting from the default values, with incremental
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adjustments of 1 unit on a base-2 logarithmic scale. Table 5 presents a consolidated summary of all
hyperparameter configurations tested across the four optimization techniques. The default values from the e1071
library serve as the baseline: kernel = 'radial’, cost = 1.0, gamma = 1.0, epsilon = 0.1

[ TABLE 5. Hyperparameter Configurations for All Optimization Techniques ]
Hyperparameter Grid Search Random Search Bayesian Optim. Cross-Validation
Kernel "radial” "radial” "radial" "radial"

Cost (C) 1.0 1,-1,2) 1,2 1,2
Gamma 1.0 1,-2,-1 1,2 1,2
Epsilon 0.1 (1,0.1,0.2) (0.1,0.2) (0.1,0.2)

3.4. Evaluation Result

Table 6 presents the evaluation results for each optimization technique after applying the Balanced-Moderate
tuning. The results demonstrate a clear performance hierarchy: Bayesian Optimization achieves the best results
across all metrics, followed by Grid Search and Random Search.

[ TABLE 6. Evaluation Results after Balanced-Moderate Hyperparameter Tuning
Optimization Technique MSE RMSE MAE R2
Grid Search 0.54515 0.738343 0.218047 0.556466
Random Search 0.44227 0.66504 0.24348 0.51215
Bayesian Optimization 0.00066 0.02568 0.007 0.79373
Baseline (No Tuning) 0.59696 0.77263 0.22075 0.37587

Bayesian Optimization substantially outperforms other techniques, reducing MSE from 0.5970 (baseline) to
0.0006 a reduction of approximately 99.9% and improving R2 from 0.376 to 0.794. Grid Search and Random
Search also improved over the baseline but remained significantly below Bayesian Optimization. As detailed in
the new Section 2.4.4 and Table 2, this gap arises because Grid Search in this study evaluated only 8 coarse, fixed-
boundary combinations of the Balanced-Moderate ranges, while Bayesian Optimization adaptively evaluated 30
configurations across the continuous interior of the same bounds. The difference is therefore a difference in search
resolution and sampling density, not an inconsistency in the underlying search space. The superiority of Bayesian
Optimization can be explained by its probabilistic surrogate model, which efficiently learns from each evaluation
iteration to focus subsequent searches on promising parameter regions.

Unlike Grid Search (which exhaustively covers a
fixed space) or Random Search (which samples Fveluation Model
randomly), Bayesian Optimization exploits prior 1
results to balance exploration and exploitation, 05
converging to optimal parameters more efficiently 0 , A
[64]. : .
Figure 5 presents the error value chart for all eridsearch R::;:rir Opat?rie\'?:‘tr\']on V;:ﬁ;imn
optimization techniques, illustrating that Bayesian
Optimization achieves the lowest error metrics e MRE e e MAE

across MSE, RMSE, and MAE. The chart clearly
shows the magnitude advantage of Bayesian [ FIG 5. Error Value Chart ]
Optimization over Grid and Random Search

Error value comparison (MSE, RMSE, MAE) across optimization techniques. The y-axis represents the error
metric value and the x-axis represents the optimization technique. Bayesian Optimization achieves the lowest
error values, confirming its advantage for the Balanced-Moderate tuning approach.

This stability suggests that the performance gains achieved by Bayesian Optimization are not the result of
overfitting to a particular data split but reflect a genuinely well-calibrated hyperparameter configuration. In
practical terms, the narrow gap between the Bayesian Optimization and Cross Validation curves in Figure 5
demonstrates that the tuning process is both efficient and reliable for deployment scenarios. From a computational
perspective, achieving this level of accuracy with only 30 evaluations, compared to the exhaustive nature of Grid
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Search, highlights a substantial reduction in tuning cost without sacrificing predictive quality. These findings
collectively reinforce the conclusion that probabilistic surrogate modelling offers a more resource-efficient path
to optimal hyperparameters than conventional search methods.

Figure 6 visualizes the regression scatter plots for each optimization technique. Each subplot shows actual vs.
predicted values, where alignment along the diagonal indicates better predictive accuracy. Bayesian Optimization
(Figure 6¢) shows the tightest clustering around the diagonal, while Grid Search (Figure 6a) and Random Search
(Figure 6b) show greater dispersion. Cross-Validation (Figure 6d) serves as a reference for overfitting assessment.

Scale consistency correction: in the previous version of this manuscript, Figures 6a and 6b (Grid Search,
Random Search) were plotted on the original, denormalized production scale (actual values up to approximately
1.5 x 1077, reflecting an inverse-transform applied only in that plotting script), while Figures 6¢ and 6d (Bayesian
Optimization, Cross-Validation) were plotted on the normalized [0,1]-derived scale used for training (actual
values up to approximately 15 and 0.6, respectively). All variables were, in fact, normalized before training in
every technique (Section 2.2); the scale difference in the figures was purely a plotting inconsistency between two
separate visualization scripts, not a difference in how the models were trained or evaluated. For the final camera-
ready version, all four panels of Figure 6 will be regenerated using the same normalized [0,1] scale so that the
panels are directly and visually comparable, as recommended by the reviewer. The figure captions below have
been updated in the interim to explicitly state the scale shown in each panel.
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[ FIG 6. Regression scatter plots comparing actual vs. predicted production values ]

3.5. Discussion

The results confirm that the Balanced-Moderate hyperparameter tuning strategy significantly improves SVR
performance for palm oil production forecasting. The key finding is that Bayesian Optimization, combined with
incremental Balanced-Moderate parameter adjustment, achieves far superior results compared to Grid Search and
Random Search for this dataset.

Comparing these results with prior work: the SA-SVR study achieved very high R2 (0.9813) but on a different
dataset (CPO price data with different characteristics). On the global production dataset used here, the baseline
SVR (R2 = 0.376) was substantially improved to 0.794 by Balanced-Moderate Bayesian Optimization. While the
R2 of 0.794 indicates a moderately strong model fit, the dramatic reduction in MSE (99.9%) confirms the
effectiveness of the approach for this scale of production data.
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Trade-offs: Bayesian Optimization requires more computational resources than Grid or Random Search due to
its iterative probabilistic modelling. For this dataset size (12,053 records), the computational cost was manageable,
but scalability to larger datasets or real-time applications would require further consideration.

Practical implications: The improved SVR model can support palm oil supply chain planning (e.g., estimating
future stock availability), agricultural policy design in Southeast Asia, and investment decision-making in the
palm oil sector. Producers and policymakers in Indonesia and Malaysia the world's largest palm oil producers can
use such forecasting tools for annual production target-setting and commodity trade planning.

Limitations: This study uses a single public dataset and focuses on one SVR variant. The model has not been
tested on other agricultural commodities or real-time streaming data. Additionally, R?2 = 0.794 indicates that
approximately 20.6% of production variance remains unexplained, which may reflect missing variables such as
climate data, soil conditions, or country-specific policy factors. A further limitation, raised during review, is that
Grid Search in this study was configured with a coarser sampling resolution (8 fixed combinations) than Bayesian
Optimization (30 adaptive evaluations); future work should re-run Grid Search at a finer resolution to establish
whether it can approach the Bayesian Optimization result under an equal evaluation budget

4. CONCLUSIONS

This study demonstrates that SVR performance for global palm oil production forecasting (1961-2021) can be
significantly improved through Balanced-Moderate hyperparameter tuning. Using a sliding window preprocessing
approach (3 predictors, 1 target), default hyperparameter values from the e1071 (R) library, and incremental
Balanced-Moderate tuning, the Bayesian Optimization technique achieved the best results: MSE = 0.00066,
RMSE = 0.02568, MAE = 0.007, and R2 = 0.79373. These results represent a 99.9% reduction in MSE and a
111.2% improvement in R2 compared to the untuned baseline. Grid Search and Random Search also improved
over the baseline, but were significantly outperformed by Bayesian Optimization.

The contribution of this study is twofold: (1) introducing the Balanced-Moderate strategy as a systematic,
incremental approach to hyperparameter tuning in SVR; and (2) demonstrating its effectiveness on a real-world
agricultural commaodity forecasting dataset with practical implications for supply chain and policy planning in
palm oil-producing regions.

Limitations include the use of a single dataset without climate or soil features, the absence of comparison with
other ML models (e.g., Random Forest, LSTM), and the lack of statistical significance testing. Future work
should: (1) validate the Balanced-Moderate approach on multi-commaodity datasets (e.g., rubber, cocoa, soybean);
(2) integrate climate variables (rainfall, temperature, humidity) to improve explanatory power; (3) compare with
ensemble methods and deep learning models; (4) implement statistical significance tests for performance
differences; and (5) explore real-time forecasting applications for operational decision support in the palm oil
industry; and (6) re-run Grid Search with a finer, logarithmically-spaced resolution and a comparable evaluation
budget to Bayesian Optimization to directly test whether search resolution accounts for the full performance gap
observed in Table 5
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